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Abstract

Digital humans have grown increasingly popular, offering transformative potential
across various fields such as education, entertainment, and healthcare. They enrich
user experiences by providing immersive and personalized interactions. Enhancing
these experiences involves making digital humans controllable, allowing for manip-
ulation of aspects like pose and appearance, among others. Learning to create such
controllable digital humans necessitates extensive data from diverse sources. This
includes 2D human images alongside their corresponding 3D geometry and tex-
ture, 2D images showcasing similar appearances across a wide range of body poses,
etc., for effective control over pose and appearance. However, the availability of
such “paired data” is limited, making its collection both time-consuming and ex-
pensive. Despite these challenges, there is an abundance of unpaired 2D images
with accessible, inexpensive labels—such as identity, type of clothing, appearance
of clothing, etc. This thesis capitalizes on these affordable labels, employing in-
formed observations from “unpaired data” to facilitate the learning of controllable
digital humans through reconstruction, transposition, and generation processes.

The presented methods—RingNet, SPICE, and SCULPT—each tackles differ-
ent aspects of controllable digital human modeling. RingNet (Sanyal et al. [2019])
exploits the consistent facial geometry across different images of the same indi-
vidual to estimate 3D face shapes and poses without 2D-to-3D supervision. This
method illustrates how leveraging the inherent properties of unpaired images—such
as identity consistency—can circumvent the need for expensive paired datasets.
Similarly, SPICE (Sanyal et al. [2021]) employs a self-supervised learning frame-
work that harnesses unpaired images to generate realistic transpositions of human
poses by understanding the underlying 3D body structure and maintaining con-
sistency in body shape and appearance features across different poses. Finally,
SCULPT (Sanyal et al. [2024] generates clothed and textured 3D meshes by in-
tegrating insights from unpaired 2D images and medium-sized 3D scans. This
process employs an unpaired learning approach, conditioning texture and geome-
try generation on attributes easily derived from data, like the type and appearance
of clothing.

In conclusion, this thesis highlights how unpaired data and innovative learning
techniques can address the challenges of data scarcity and high costs in develop-
ing controllable digital humans by advancing reconstruction, transposition, and
generation techniques.






Kurzfassung

Digitale Menschen erfreuen sich zunehmender Beliebtheit und bieten ein trans-
formatives Potenzial in verschiedenen Bereichen wie Bildung, Unterhaltung und
Gesundheitswesen. Sie bereichern das Nutzererlebnis, indem sie immersive und
personalisierte Interaktionen ermoéglichen. Um diese Erfahrungen zu verbessern,
miussen digitale Menschen steuerbar gemacht werden, damit Aspekte wie Pose
und Aussehen manipuliert werden kénnen. Um zu lernen, wie man solche steu-
erbaren digitalen Menschen erschafft, sind umfangreiche Daten aus verschiedenen
Quellen erforderlich. Dazu gehoéren 2D-Bilder von Menschen zusammen mit ihrer
entsprechenden 3D-Geometrie und Textur, 2D-Bilder, die ein dhnliches Erschei-
nungsbild in einer Vielzahl von Koérperhaltungen zeigen, usw., um eine effektive
Kontrolle iiber Haltung und Aussehen zu ermoglichen. Die Verfiigbarkeit solcher
“gepaarten Daten” ist jedoch begrenzt, was ihre Erfassung sowohl zeitaufwéndig als
auch teuer macht. Trotz dieser Herausforderungen gibt es eine Fiille von ungepaar-
ten 2D-Bildern mit zuganglichen, kostengiinstigen Kennzeichnungen wie Identitét,
Art der Kleidung, Aussehen der Kleidung usw. Die vorliegende Arbeit nutzt diese
kostengiinstigen Beschriftungen, indem sie fundierte Beobachtungen aus “unpai-
red data” einsetzt, um das Lernen von kontrollierbaren digitalen Menschen durch
Rekonstruktions-, Transpositions- und Generierungsprozesse zu erleichtern.

Die vorgestellten Methoden - RingNet, SPICE und SCULPT - befassen sich
jeweils mit unterschiedlichen Aspekten der kontrollierbaren digitalen Menschmo-
dellierung. RingNet (Sanyal et al. [2019]) nutzt die konsistente Gesichtsgeometrie
in verschiedenen Bildern derselben Person, um 3D-Gesichtsformen und Posen oh-
ne 2D-zu-3D-Uberwachung zu schétzen. Diese Methode veranschaulicht, wie durch
die Nutzung der inhdrenten Eigenschaften von ungepaarten Bildern - wie z. B. der
Identitatskonsistenz - die Notwendigkeit von teuren gepaarten Datensatzen um-
gangen werden kann. In dhnlicher Weise verwendet SPICE (Sanyal et al. [2021])
ein selbstiiberwachtes Lernverfahren, das ungepaarte Bilder nutzt, um realistische
Umsetzungen menschlicher Posen zu erzeugen, indem es die zugrunde liegende
3D-Korperstruktur versteht und die Konsistenz der Kérperform und der Erschei-
nungsmerkmale tiber verschiedene Posen hinweg aufrechterhalt. Schliellich gene-
riert SCULPT (Sanyal et al. [2024] gekleidete und texturierte 3D-Netze durch die
Integration von Erkenntnissen aus ungepaarten 2D-Bildern und mittelgrofien 3D-
Scans. Dieser Prozess verwendet einen Ansatz des ungepaarten Lernens, bei dem
die Textur- und Geometriegenerierung auf Attributen basiert, die sich leicht aus

vii



Kurzfassung

den Daten ableiten lassen, wie z. B. die Art und das Aussehen der Kleidung.

Abschlielend zeigt diese Arbeit auf, wie ungepaarte Daten und innovative Lern-
techniken die Herausforderungen der Datenknappheit und der hohen Kosten bei
der Entwicklung kontrollierbarer digitaler Menschen durch die Weiterentwicklung
von Rekonstruktions-, Transpositions- und Generierungstechniken bewéltigen kon-
nen.
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upper body clothing is grey and the color of the pants is black”.

Clothing color variation: c; is varied keeping the other factors
fixed. The top row shows the geometry whereas the bottom row
shows the corresponding textured mesh. For this figure, ¢; is CLIP
embedding corresponding to the textual input “The color of the
upper body clothing is yellow and the color of the pants is blue”.
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Chapter 1

Introduction

In recent years, the concept of digital humans has emerged as a groundbreaking
advancement, with its influence pervading numerous sectors including education,
entertainment, and healthcare. Digital humans, characterized by their virtual rep-
resentation of humans in digital form, offer a myriad of possibilities for enriching
user experiences through immersive and personalized interactions. Their appeal
lies in their ability to simulate real human behaviors, emotions, and interactions,
thereby bridging the gap between the virtual and the real world. In educational
settings, they can serve as virtual tutors, providing personalized learning expe-
riences. In entertainment, they bring characters to life in a more relatable and
interactive manner. In healthcare, they can be utilized for therapeutic purposes,
patient education, and as virtual caregivers. The potential applications are as vast
as they are transformative, indicating a significant shift in how digital content is
consumed and interacted with.

Enhancing user experiences with digital humans significantly hinges on the abil-
ity to render these entities controllable. Controllability, in this context, refers to
the manipulation of various attributes of a digital human’s appearance, including
pose, facial expressions, and clothing, among others. The capacity to adjust facial
expressions, for instance, allows for the transfer of facial shapes and expressions
from images and videos onto 3D models, which are subsequently utilized in graph-

Figure 1.1: Reconstruction: Given an image of a human face (left) the goal is
to reconstruct the 3D facial shape, pose, and expression (right) of that person.
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Chapter 1 Introduction

: B-

Figure 1.2: Transposition: Given an image of a person in a source pose (left)
and a target pose (middle), the goal is to synthesize the image of the person in
the target pose (right) while keeping the appearance unchanged.

ics and animation sectors. Such a process requires a method (Sanyal et al. [2019])
capable of reconstructing the facial shape, pose, and expression from static images
and videos (Fig. 1.1).

Further, the capability to alter poses while maintaining the appearance of the
digital human paves the way for e-commerce sectors to generate short, moving
videos from static images (Fig. 1.2). This innovation holds the potential to en-
hance apparel sales, necessitating a transposition algorithm (Sanyal et al. [2021])
that can synthesize novel human poses while preserving the same appearance. Ad-
ditionally, controlling the distribution of clothing in terms of geometry, texture,
and overall appearance (Fig. 1.3) enables rapid changes in outfits, facilitating the
creation of virtual avatars for uses ranging from gaming engines to movies and
e-commerce platforms. This kind of customization requires a generative model
adept at learning the diverse spaces of geometry and appearance associated with
controllable clothed human modeling (Sanyal et al. [2024].

Creating this level of control needs large and varied datasets. This data includes
2D pictures of people, their 3D shapes and textures, and pictures showing different
looks for many body poses. For instance, to make controllable faces, we need a
dataset with 2D pictures and their matching 3D scans, like the left-most pair in
Fig. 1.4, to train the model. Also, to teach a model to change poses but keep the
appearance the same, we need pairs of data showing the same person in different
poses but looking similar (the middle pair in Fig. 1.4 is an example). We need
many examples of people in different poses but with similar looks.

Similarly, to train a model on changing clothes in 3D, we need lots of data on
the shapes (meshes) of clothed humans and their appearance (textures), like the
right-most pair of images in Fig. 1.4 shows. These big datasets are crucial for
training models to accurately handle how people look and their poses, giving us
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Figure 1.3: Generation: The goal is to learn the geometry and appearance dis-
tribution of the clothed digital avatars.

precise control over their digital versions. But getting this “paired data” is tough.
Not only is it scarce, but the process of collecting it is both time-consuming and
costly, posing barriers to research and development in this field.

Despite facing challenges, the abundance of readily available 2D images offers
a unique opportunity. These images can be inexpensively labeled with various
types of information, such as identity, clothing type, and appearance. Leveraging
these labels allows us to make informed observations from unpaired data, which
helps in the learning process for creating controllable digital humans. For instance,
our reconstruction approach, RingNet (Sanyal et al. [2019]), utilizes the identity
information of individuals to estimate their 3D face shapes, poses, and expressions
without needing direct 2D-to-3D supervision. The underlying principle is that
having multiple images of the same person provides a strong constraint on the
3D shape of their face, as the shape remains constant while other factors like
pose, lighting, and expression may change. RingNet processes multiple images
of an individual, ensuring the shape consistency across all pairs of images while
minimizing the error between observed and projected 3D landmarks.

Similarly, our pose transposition method, SPICE (Sanyal et al. [2021]), adopts
a self-supervised learning framework to bypass the necessity for paired images. It
leverages the inherent 3D body structure to maintain consistency in body shape
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Chapter 1 Introduction

Figure 1.4: “Paired data”: From left to right, each pair of images represents a
specific set. The left-most pair consists of a 2D facial image and its corresponding
3D mesh. The middle pair of images represents a set showing the source and target
poses of a single individual, maintaining the same appearance. The right-most pair
represents a set of registered meshes along with their corresponding textures.

and appearance features across different poses during model training. This ap-
proach includes incorporating 3D information through a pose loss that aligns the
body pose in the generated image with the target pose in 3D, and a shape con-
sistency loss that ensures the person in the generated image maintains the same
3D shape as in the source image. Additionally, we introduce a pose-dependent
appearance consistency to ensure that the body surface’s projected appearance in
two different poses matches for the corresponding body parts. SPICE has shown
superior performance compared to other unsupervised methods and rivals that of
the leading supervised methods at the time of publication.

Continuing this line, SCULPT (Sanyal et al. [2024]) generates clothed and tex-
tured 3D meshes by harnessing insights from unpaired 2D images and medium-
sized 3D scans. This process utilizes an unpaired learning approach, basing the
generation of texture and geometry on easily extractable attributes, such as cloth-
ing type and appearance. The training of the geometry model utilizes the CAPE
dataset (Ma et al. [2020b]), which includes pose annotations and registered SMPL
meshes (Loper et al. [2015]). To ensure the consistency of appearance and geom-
etry, the texture generator, trained on a vast collection of 2D fashion images, is
conditioned on the pre-trained and fixed geometry model. By conditioning both
texture and geometry generators with attribute labels, we minimize the entan-
glement between pose, clothing type, and appearance, leading to improved per-
formance in geometry and competitive appearance results compared to existing
methods.

Overall, this thesis explores the potential of utilizing unpaired data for the
reconstruction, transposition, and generation of digital humans, aiming to bypass
the limitations imposed by the scarcity of paired data. Through these strategies,
we seek to push the boundaries of controlling digital human creation.
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Outlook: The subsequent chapters are organized to systematically address the
three key aspects of digital human creation: reconstruction, transposition, and
generation. Chapter 2 delves into the intricacies of reconstructing a full 3D face,
complete with head and neck, from single-view images. Chapter 3 explores the
process of synthesizing human images in unique poses and specific appearances.
Chapter 4 concentrates on generating 3D textured human mesh models, a critical
aspect of creating realistic digital humans.

Each chapter is divided into five sections. We commence with a brief intro-
duction and rationale for the topic explored in the respective chapter, setting the
stage for the subsequent discussion. This is followed by a comprehensive literature
review on the relevant subject matter, offering insights into the current state of
research and identifying gaps in knowledge. Next, we provide an in-depth anal-
ysis of the technical and scientific aspects of the proposed method, detailing its
inner workings and potential advantages. Our approach is then assessed through
extensive experimentation, using a variety of datasets and performance metrics to
determine its efficacy. We conclude each chapter with a concise summary of the
content covered, highlighting the key findings and implications for the field.

Chapter 5 revisits the contributions made throughout the thesis, synthesizing
the insights from previous chapters and underscoring their collective significance.
Furthermore, this chapter discusses potential future research directions, identifying
areas where additional exploration could lead to further advancements in digital
human creation.
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Chapter 2

Reconstruction leveraging
unpaired data

2.1 Introduction

Here the goal is to estimate 3D head and face shape from a single image of a
person. In contrast to previous methods, we are interested in more than just a
tightly cropped region around the face. Instead, we estimate the full 3D face, head
and neck. Such a representation is necessary for applications in VR/AR, virtual
glasses try-on, animation, biometrics, etc. Furthermore, we seek a representation
that captures the 3D facial expression, factors face shape from expression, and can
be reposed and animated. While there have been numerous methods proposed in
the computer vision literature to address the problem of facial shape estimation
(Zollhofer et al. [2018]), no previous methods address all of our goals.

Specifically, we train a neural network that regresses from image pixels directly
to the parameters of a 3D face model. Here we use FLAME (Li et al. [2017a])
because it is more accurate than other models, captures a wide range of shapes,
models the whole head and neck, can be easily animated, and is freely available.
Training a network to solve this problem, however, is challenging because there is
little paired data of 3D heads/faces together with natural images of people. For
robustness to imaging conditions, pose, facial hair, camera noise, lighting, etc., we
wish to train from a large corpus of in-the-wild images. Such images, by definition,
lack controlled ground truth 3D data.

This is a generic problem in computer vision — finding 2D training data is easy
but learning to regress 3D from 2D is hard when paired 3D training data is very
limited and difficult to acquire. Without ground truth 3D, there are several options
but each has problems. Synthetic training data typically does not capture real-
world complexity. One can fit a 3D model to 2D image features but this mapping
is ambiguous and, consequently, inaccurate. Because of the ambiguity, training a
neural network using only a loss between observed 2D, and projected 3D, features
does not lead to good results (Kanazawa et al. [2018]).
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Chapter 2 Reconstruction leveraging unpaired data

Figure 2.1: RingNet learns a mapping from the pixels of a single image to the 3D
facial parameters of the FLAME model (Li et al. [2017a]) without 3D supervision.
First and third row: Images are from the CelebA dataset (Liu et al. [2015]). Second
and foruth row: estimated shape, pose and expression. Additional results can be
found in Appendix A.
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2.1 Introduction

To address the lack of training data, we propose a new method that learns
the mapping from pixels to 3D shape without any supervised 2D-to-3D training
data. To do so, we learn the mapping using only 2D facial features, automatically
extracted with OpenPose (Simon et al. [2017]). To make this possible, our key
observation is that multiple images of the same person provide strong constraints
on 3D face shape because the shape remains constant although other things may
change such as pose, lighting, and expression. FLAME factors pose and shape,
allowing our model to learn what is constant (shape) and factor out what changes
(pose and expression).

While it is a fact that face shape is constant for an individual across images, we
need to define a training approach that lets a neural network exploit this shape
constancy. To that end, we introduce RingNet. RingNet takes multiple images
of a person and enforces that the shape should be similar between all pairs of
images, while minimizing the 2D error between observed features and projected
3D features. While this encourages the network to encode the shapes similarly,
we find this is not sufficient. We also add to the “ring” a face belonging to a
different random person and enforce that the distance in the latent space between
all other images in the ring is larger than the distance between the same person.
Similar ideas have been used in manifold learning (e.g. triplet loss) (Weinberger and
Saul [2006]) and face recognition (Schroff et al. [2015]), but, to our knowledge, our
approach has not previously been used to learn a mapping from 2D to 3D geometry.
We find that going beyond a triplet to a larger ring, is critical in learning accurate
geometry.

While we train with multiple images of a person, note that, at run time, we
only need a single image. With this formulation, we are able to train a network to
regress the parameters of FLAME directly from image pixels. Because we train this
with “in the wild” images, the network is robust across a wide range of conditions
as illustrated in Fig. 2.1. The approach is more general, however, and could be
applied to other 2D-to-3D learning problems.

Evaluating the accuracy of 3D face estimation methods remains a challenge and,
despite many methods that have been published, there are no rigorous comparisons
of 3D accuracy across a wide range of imaging conditions, poses, lighting and
occlusion. To address this, we collected a new dataset called NoW (Not quite
in-the-Wild), with high-resolution ground truth scans and high-quality images of
100 subjects taken in a range of conditions (Fig. 2.2). NoW is more complex
than previous datasets and we use it to evaluate all recent methods with publicly
available implementations. Specifically we compare with Tuan Tran et al. [2017],
Tran et al. [2018] and Feng et al. [2018a], which are trained with 3D supervision.
Despite not having any 2D-to-3D supervision our RingNet method recovers more
accurate 3D face shape. We also evaluate the method qualitatively on challenging
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Chapter 2 Reconstruction leveraging unpaired data

Figure 2.2: NoW dataset: The NoW dataset includes a variety of images taken
in different conditions (top) and high-resolution 3D head scans (bottom). The dark
blue region is the part we considered for the face challenge.

in-the-wild face images.

In summary, here the main contributions are: (1) Full face, head with neck
reconstruction from a single face image. (2) RingNet — an end-to-end trainable
network that enforces shape consistency across face images of the subject with
varying viewing angle, light conditions, resolution and occlusion. (3) A novel
shape consistency loss for learning 3D geometry from 2D input. (4) NoW — a
benchmark dataset for qualitative and quantitative evaluation of 3D face recon-
struction methods. (5) Finally, we make the model, training code, and new dataset
freely available for research purposes to encourage quantitative comparison.

2.2 Related Work

There are several approaches to the problem of 3D face estimation from images.
One approach estimates depth maps, normals, etc.; that is, these methods produce
a representation of object shape tied to pixels but specialized for faces. The other
approach estimates a 3D shape model that can be animated. We focus on methods
in the latter category. In a recent review paper, Zollhofer et al. [2018] describe the
state of the art in monocular face reconstruction and provide a forward-looking set
of challenges for the field. Note, that the boundary between supervised, weakly
supervised, and unsupervised methods is a blurry one. Most methods use some
form of 3D shape model, which is learned from scans in advance; we do not call
this supervision here. Here the term supervised implies that paired 2D-to-3D data
is used; this might be from real data or synthetic data. If a 3D model is first
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optimized to fit 2D image features, then we say this uses 2D-to-3D supervision. If
2D image features are used but there is no 3D data in training the network, then
this is weakly supervised in general and unsupervised relative to the 2D-to-3D
task.

Face recognition: Given our model’s reliance on facial identity information
for training, it is imperative to reference recent works in face recognition that
can extract identity information from images, ensuring the comprehensiveness of
this chapter. This domain has undergone extensive research for an extended pe-
riod, witnessing significant advancements from the pre-deep learning era (Biswas
et al. [2011], Sanyal et al. [2015], Mudunuri and Biswas [2015], Sanyal et al.
[2017a], Sanyal et al. [2017Db], etc.) to the current deep learning era (Deng et al.
[2019a], Wang and Deng [2021], Kim et al. [2022], etc.). Nowadays, face recog-
nition systems are capable of predicting identity with high accuracy. For further
details, readers are encouraged to consult the cited papers.

Quantitative evaluation: Quantitative comparison between methods has been
limited by a lack of common datasets with complex images and high-quality ground
truth 3D scans. Recently, Feng et al. [2018b] organized a single-image to 3D-face
reconstruction challenge where they provided the ground truth scans for subjects.
Our NoW benchmark is complementary to this method as its focus is on extreme
viewing angles, facial expressions, and partial occlusions.

3DMM Head models: Most current shape models are descendants of the orig-
inal Blanz and Vetter 3D morphable model (3DMM) (Blanz and Vetter [1999]).
While there are many variations and improvements to this model such as Gerig
et al. [2018], we use FLAME (Li et al. [2017a]) here because both the shape
space and expression space are trained from more scans than other methods.
Only FLAME includes the neck region in the shape space and models the pose-
dependent deformations of the neck with head rotation.

Optimization with tightly cropped faces: Most existing methods require
tightly cropped input images and/or reconstruct only a tightly cropped region of
the face for which existing shape priors are appropriate. Tightly cropped face
regions make the estimation of head rotation ambiguous. Until very recently, this
has been the dominant paradigm (Bas et al. [2016], Suwajanakorn et al. [2014],
Garrido et al. [2016]). For example, Kemelmacher-Shlizerman and Seitz [2011] use
multi-image shading to reconstruct from collection of images allowing changes in
viewpoint and shape. Thies et al. [2016] achieve accurate results on monocular
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video sequences. While these approaches can achieve good results with high-
realism, they are computationally expensive.

Learning with 3D supervision: Deep learning methods are quickly replacing
the optimization-based approaches (Tran et al. [2018], Zhu et al. [2016], Kim et al.
[2018], Jackson et al. [2017]). For example, Sela et al. [2017] use a synthetic dataset
to generate an image-to-depth mapping and a pixel-to-vertex mapping, which are
combined to generate the face mesh. Tuan Tran et al. [2017] directly regress the
3DMM parameters of a face model with a dense network. Their key idea is to
use multiple images of the same subject and fit a 3DMM to each image using
2D landmarks. They then take a weighted average of the fitted meshes to use
it as the ground truth to train their network. Feng et al. [2018a] regress from
image to a UV position map that records the position information of the 3D face.
All the aforementioned methods use some form of 3D supervision like synthetic
rendering, optimization-based fitting of a 3DMM, or a 3DMM to generate UV
maps or volumetric representation. None of the fitting-based methods produce true
ground truth for real world face images, while synthetically generated faces may
not generalize well to the real world (Tewari et al. [2018]). Methods that rely on
fitting a 3SDMM to images using 2D-3D correspondences to create a pseudo ground
truth are always limited by the expressiveness of the 3DMM and the accuracy of
the fitting process.

Learning with synthetic data supervision: Sengupta et al. [2018] learn to
mimic a Lambertian rendering process by using a mixture of synthetically ren-
dered images and real images. They work with tightly cropped faces and do not
produce a model that can be animated. Genova et al. [2018] propose an end-
to-end learning approach using a differentiable rendering process. They also train
their encoder using synthetic data and its corresponding 3D parameters. Tran and
Liu [2018] learn a nonlinear 3DMM model by using an analytically differentiable
rendering layer and in a weakly supervised fashion with 3D data. At the time
this work was published, the synthetic data utilized in various studies were of low
quality, leading to inadequate supervision with synthetic data. However, recent
advancements (Wood et al. [2021], Wood et al. [2022]) have demonstrated that
high-quality synthetic data can effectively contribute to solving the task at hand.

Learning with no 3D supervision: MoFA (Tewari et al. [2017]) estimates the
parameters of a 3DMM and is trained end-to-end using a photometric loss and an
optional 2D feature loss. It is effectively a neural network version of the original
Blanz and Vetter model in that it models shape, skin reflectance, and illumination
to produce a realistic image that is matched to the input. The advantage of this
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is that the approach is significantly faster than optimization methods (Tewari
et al. [2018]). MoFA estimates a tight crop of the face and produces good looking
results but has trouble with extreme expressions. They only perform quantitative
evaluation on real images using the FaceWarehouse model as the “ground truth”;
this is not an accurate representation of true 3D face shape.

The methods that learn without any 2D-to-3D supervision all explicitly model
the image formation process (like Blanz and Vetter) and formulate a photometric
loss and typically also incorporate 2D face feature detections with known corre-
spondence to the 3D model. The problem with the photometric loss is that the
model of image formation is always approximate (e.g. Lambertian). Ideally, one
would like a network to learn not just about face shape but about the complexity
of real world images and how they relate to shape. To that end, our RingNet
approach uses only the 2D face features and no photometric term. Despite (or
because of) this, the method is able to learn a mapping from pixels directly to 3D
face shape. This was the least supervised of published methods, at the time of
publication.

2.3 Method

The goal of our method is to estimate 3D head and face shape from a single face
image I. Given an image, we assume the face is detected, loosely cropped, and
approximately centered. During training, our method leverages 2D landmarks and
identity labels as input. During inference it uses only image pixels; 2D landmarks
and identity labels are not used.

Key idea: The key idea can be summarized as follows: 1) The face shape of a
person remains unchanged, even though an image of the face may vary in viewing
angle, lighting condition, resolution, occlusion, expression, or other factors. 2)
Every person has a unique face shape (not considering identical twins).

We leverage this idea by introducing a shape consistency loss, embodied in our
ring-structured network. RingNet (Fig. 2.3) is a multiple encoder-decoder based
architecture, with weight sharing between the encoders, and shape constraints
on the shape variables. Each encoder in the ring is a combination of a feature
extractor network and a regressor network. Imposing shape constraints on the
shape variables forces the network to disentangle facial shape, expression, head
pose, and camera parameters. We use FLAME (Li et al. [2017a]) as a decoder to
reconstruct 3D faces from the semantically meaningful embedding, and to obtain
a decoupling within the embedding space into semantically meaningful parameters
(i.e. shape, expression, and pose parameters).

We introduce the FLAME decoder, the RingNet architecture, and the losses in
more detail in the following.
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Figure 2.3: Overview of RingNNet: RingNet takes multiple images of the same
person (Subject A) and an image of a different person (Subject B) during training
and enforces shape consistency between the same subjects and shape inconsistency
between the different subjects. The computed 3D landmarks from the predicted 3D
mesh are projected into the 2D domain to compute the loss with ground-truth 2D
landmarks. During inference, RingNet takes a single image as input and predicts
the corresponding 3D mesh. Images are taken from Cao et al. [2018]. The figure
is a simplified version for illustration purposes.

2.3.1 FLAME model

FLAME uses linear transformations to describe identity and expression dependent
shape variations, and standard linear blend skinning (LBS) to model neck, jaw,
and eyeball rotations around K =4 joints. Parametrized by coefficients for shape,

Be R'm, pose 8 € R35+3 and expression ¢ € ]R“Z', FLAME returns N = 5023 ver-
tices. FLAME models identity-dependent shape variations Bg(3;S) : RIBI — R3N,
corrective pose blendshapes Bp(0;P) : R3%+3 5 R3N  and expression blendshapes

Bg(¢;€) : RI¥l - R3N ag linear transformations with learned bases S, &, and
P. Given a template T € R3V in the “zero pose”, identity, pose, and expression
blendshapes, are modeled as vertex offsets from T.
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Figure 2.4: Ring element: A single ring element that outputs a 3D mesh for a
monocular image.

Each of the pose vectors 8 € R3%+3 contains (K+1) rotation vectors in an axis-
angle representation; i.e. one vector per joint plus the global rotation. The blend
skinning function W (T,J,0,W) then rotates the vertices around the joints J €
R3K | linearly smoothed by blendweights W € REXN | More formally, FLAME is

given as
M(B,0,%) =W (Tp(B,0,4),J(B),0, W), (2.1)
with
Tp(B,0,4) =T+ Bs(B:;S) + Bp(6;P) + B(¥;€). (2.2)

The joints are defined as a function of 3 since different face shapes require different
joint locations. We use Equation 2.1 for decoding our embedding space to generate
a 3D mesh of a complete head and face.

2.3.2 RingNet

The recent advances in face recognition (e.g. Zhang et al. [2017]) and facial land-
mark detection (e.g. Bulat and Tzimiropoulos [2017], Simon et al. [2017]) have led
to large image datasets with identity labels and 2D face landmarks. For training,
we assume a corpus of 2D face images [;, corresponding identity labels ¢;, and
landmarks k;.

The shape consistency assumption can be formalized by 8; = 8;,Vc; = ¢; (i.e. the
face shape of one subject should remain the same across multiple images) and 3; #
B;,Vci # c; (i.e. the face shape of different subjects should be distinct). RingNet
introduces a ring-shaped architecture that jointly optimizes for shape consistency
for an arbitrary number of input images in parallel. For details regarding the shape
consistency, see Section 2.3.3.
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Chapter 2 Reconstruction leveraging unpaired data

RingNet is divided into R ring elements egi{% as shown in Figure 2.3, where each

e; consists of an encoder and a decoder network (see Figure 2.4). The encoders
share weights across ¢;, the decoder weights remain fixed during training. The en-
coder is a combination of a feature extractor network fr.,+ and regression network
freg- Given an image I;, fear oOutputs a high-dimensional vector, which is then en-
coded by freg into a semantically meaningful vector (i.e., fenc(fi) = freg(freat(£i)))-
This vector can be expressed as a concatenation of the camera, pose, shape, and ex-
pression parameters, i.e., fenc(l;) = [cam;, 6;, B;,%;], where 0;,8;,1,; are FLAME
parameters.

For simplicity we omit I in the following and use fenc(Zi) = fenc,i and freat (L) =
fteat,i- The regression network iteratively regresses fenc; in an iterative error feed-
back loop (Kanazawa et al. [2018], Carreira et al. [2016]), instead of directly regress-
ing fenc,i from freas ;. In each iteration step, progressive shifts from the previous
estimate are made to reach the current estimate. Formally the regression network
takes the concatenated [ff, ; fici] as input and gives d L. ; as output. Then we
update the current estimate’by,

fér—li_cl,z = fénc,i + 5f(§nc,7i' (2'3)

This iterative network performs multiple regression iterations per iteration of the
entire RingNet training. The initial estimate of the regressed parameters is set to
0. The output of the regression network is then fed to the differentiable FLAME
decoder network which outputs the 3D head mesh.

The number of ring elements R is a hyper-parameter of our network, which
determines the number of images processed in parallel with optimized consistency
on the B. RingNet allows to use any combination of images of the same subject
and images of different subjects in parallel. However, without loss of generality,
we feed face images of the same identity to {ej};z?_l and different identity to
er. Hence for each input training batch, each slice consists of R —1 images of the
same person and one image of another person (see Fig. 2.3).

2.3.3 Shape consistency loss

For simplicity let us call two subjects who have the same identity label “matched
pairs” and two subjects who have different identity labels are “unmatched pairs”.
A key goal of our work is to make a robust end-to-end trainable network that can
produce the same shapes from images of the same subject and different shapes
for different subjects. In other words, we want to make our shape generators
discriminative. We enforce this by requiring matched pairs to have a distance in
shape space that is smaller by a margin, 7, than the distance for unmatched pairs.
Distance is computed in the space of face shape parameters, which corresponds to
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2.3 Method

a Euclidean space of vertices in the neutral pose.

In the RingNet structure, e; and e, produce 8; and B, which are matched
pairs when j # k and j,k # R. Similarly e; and er produce B; and B, which are
unmatched pairs when j # R. Our shape constancy term is then

;= 8il, 0= ;- sl (2.4

Thus we minimize the following loss while training RingNet end-to-end,

ny R—1 9 9
Lg=7)_ » max(0,|B; — By - H/Bij —Bir ’2+77) (2.5)
i=17,k=1
which is normalized to,
1
Lgc = L 2.6
5C ng X R s ( )

where ny, is the batch size for each element in the ring.

2.3.4 2D feature loss

Finally, we compute the L; loss between the ground-truth landmarks provided
during the training procedure and the predicted landmarks. Note that we do not
directly predict 2D landmarks, but 3D meshes with known topology, from which
the landmarks are retrieved.

Given the FLAME template mesh, we define for each OpenPose (Simon et al.
[2017]) keypoint the corresponding 3D point on the mesh surface. Note that this
is the only place where we provide supervision that connects 2D and 3D. This
is done only once. While the mouth, nose, eye, and eyebrow keypoints have a
fixed corresponding 3D point (referred to as static 3D landmarks), the position
of the contour features changes with the head pose (referred to as dynamic 3D
landmarks). Similar to (Cao et al. [2014], Tewari et al. [2018]), we model the con-
tour landmarks as dynamically moving with the global head rotation, see Fig. 2.5.
To automatically compute this dynamic contour, we rotate the FLAME template
between -20 and 40 degrees to the left and right, render the mesh with texture,
run OpenPose to predict 2D landmarks, and project these 2D points to the 3D
surface. The resulting trajectories are symmetrically transferred between the left
and right sides of the face.

During training, RingNet outputs 3D meshes, computes the static and dynamic
3D landmarks for these meshes and projects these into the image plane using the
camera parameters predicted in the encoder output. Henceforth we compute the
following L1 loss between the projected landmarks k,, and the ground-truth 2D
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Chapter 2 Reconstruction leveraging unpaired data

Figure 2.5: Static and dynamic landmarks: The figure exhibits static (shown
in black) and dynamic (depicted in color) landmark embeddings on the FLAME
template. These change based on the viewing angle, with 0° indicating a direct,
frontal face perspective. On the right-hand side, a color bar displays the range of
angles. The top of this bar corresponds to 40 degrees, which then decreases down
the bar. At the bottom of the bar, it signifies angles down to -40 degrees.

landmarks k;.
Lproj = [[wi % (kp;, — ki)l (2.7)

where w; is the confidence score of each ground-truth landmark which is provided
by the 2D landmark predictor. We set it to 1 if the confidence is above 0.41 and
to 0 otherwise. The total loss Ly, which trains RingNet end-to-end is

Ltot = )\SCLSC "’)\proijroj +)‘,3 ||:6||§ + )‘1/J ||’l/)||§ (2'8>

where the \ are the weights of each loss term and the last two terms regularize the
shape and expression coefficients. Since Bg(3;S) and Bg(;E) are scaled by the
squared variance, the L2 norm of 8 and 1 represent the Mahalanobis distance in
the orthogonal shape and expression space.

2.3.5 Implementation details

The feature extractor network uses a pre-trained ResNet-50 (He et al. [2016]) ar-
chitecture, also optimized during training. The feature extractor network outputs
a 2048 dimensional vector. That serves as input to the regression network. The
regression network consists of two fully-connected layers of dimension 512 with
ReLu activation and dropout, followed by a final linear fully-connected layer with
159-dimensional output. To this 159-dimensional output vector, we concatenate
the camera, pose, shape, and expression parameters. The first three elements rep-
resent scale and 2D image translation. The following 6 elements are the global
rotation and jaw rotation, each in axis-angle representation. The neck and eyeball
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2.4 Benchmark dataset and evaluation metric

Figure 2.6: Sample images: Images are taken from NoW dataset.

rotations of FLAME are not regressed since the facial landmarks do not impose any
constraints on the neck. The next 100 elements are the shape parameters, followed
by 50 expression parameters of FLAME. The differentiable FLAME layer is kept
fixed during training. We train RingNet for 10 epochs with a constant learning
rate of le-4, and use Adam Kingma and Ba [2015b] for optimization. The different
model parameters are R =6, Agc =1, Aproj =60, \g=1e—4, \yy =1le—4, n=0.5.
The RingNet architecture is implemented in Tensorflow (Abadi et al. [2016]).We
use the VGG2 Face database (Cao et al. [2018]) as our training dataset which con-
sists of face images and their corresponding labels. We run OpenPose (Simon et al.
[2017]) on the database and compute 68 landmark points on the face. OpenPose
fails in many cases. After cleaning for the failed cases we have around 800K im-
ages with their corresponding labels and facial landmarks for our training corpus.
We also consider around 3000 extreme pose images with corresponding landmarks
provided by Bulat and Tzimiropoulos [2017]. Since for these extreme images we
do not have any labels we replicate each image with random crops and scale for
matched pair consideration.

2.4 Benchmark dataset and evaluation metric

This section introduces our NoW benchmark for the task of 3D face reconstruction
from single monocular images. The goal of this benchmark is to introduce a
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Figure 2.7: Cumulative error curves: From left to right: LQ (low resolution)
data of Feng et al. [2018b], HQ (High resolution) data of Feng et al. [2018b)].

standard evaluation metric to measure the accuracy and robustness of 3D face
reconstruction methods under variations in viewing angle, lighting, and common
occlusions.

Dataset: The dataset contains 2054 2D images of 100 subjects, captured with
an iPhone X, and a separate 3D head scan for each subject. This head scan serves
as ground-truth for the evaluation. The subjects are selected to contain variations
in age, BMI, and sex (55 female, 45 male).

We categorize the captured data in four challenges; neutral (620 images), ez-
pression (675 images), occlusion (528 images) and selfie (231 images). Neutral,
expression and occlusion contain neutral, expressive, and partially occluded face
images of all subjects in multiple views, ranging from frontal view to profile view.
FEzxpression contains different acted facial expressions such as happiness, sadness,
surprise, disgust, and fear. Occlusion contain images with varying occlusions from
e.g. glasses, sunglasses, facial hair, hats or hoods. For the selfie category, partic-
ipants are asked to take selfies with the iPhone, without imposing constraints on
the performed facial expression. The images are captured indoors and outdoors
to provide variations of natural and artificial light. Some sample images from the
benchmark dataset are shown in Fig. 2.6.

The challenge for all categories is to reconstruct a neutral 3D face given a single
monocular image. Note that facial expressions are present in several images, which
requires methods to disentangle identity and expression to evaluate the quality of
the predicted identity.
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Figure 2.8: Cumulative error curves: From left to right: NoW dataset face
challenge in 2019 (during the time of publication), NoW dataset face challenge in
2024. Only the top nine methods are shown in the error plot who agreed to make
their approach public by 2024. Their rank based on the median error is as follows,
TokenFace (Zhang et al. [2023b]), MICA (Zielonka et al. [2022]), AlbedoGAN (Rai
et al. [2024]), Wood et al. [2022], FOCUS (Li et al. [2023]), CCFace (Yang et al.
[2023]), DECA (Feng et al. [2021]), Deep3DFaceRe Pytorch (Deng et al. [2019D]).
For more methods visit the NoW challenge website.

Capture setup: For each subject we capture a raw head scan in a neutral ex-
pression with an active stereo system (3dMD LLC, Atlanta). The multi-camera
system consists of six gray-scale stereo camera pairs, six color cameras, five speckle
pattern projectors, and six white LED panels. The reconstructed 3D geometry con-
tains about 120K vertices for each subject. Each subject wears a hair cap during
scanning to avoid occlusions and scanner noise in the face or neck region due to
hair.

Data processing: Most existing 3D face reconstruction methods require local-
ization of the face. To mitigate the influence of this pre-processing step we provide
for each image, a bounding box, that covers the face. To obtain bounding boxes
for all images, we first run a face detector on all images (Zhang et al. [2017]), and
then predict keypoints for each detected face (Bulat and Tzimiropoulos [2017]).
We manually select 2D landmarks for failure cases. We then expand the bounding
box of the landmarks to each side by 5% (bottom), 10% (left and right), and 30%
to the top to obtain a box covering the entire face including the forehead. For
the face challenge, we follow a processing protocol similar to Feng et al. [2018b].
For each scan, the face center is selected, and the scan is cropped by removing
everything outside of a specified radius. The selected radius is subject-specific and
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Median Mean Std
Method (mm) (mm) (mm)

LQ HQ | LQ HQ | LQ HQ
PRNet (Feng et al. [2018a]) 1.79 | 1.60 | 2.38 | 2.06 | 2.19 | 1.79
Extreme3D (Tran et al. [2018]) 2.40 | 2.37 | 3.49 | 3.58 | 6.15 | 6.75
3DMM-CNN (Tuan Tran et al. [2017]) | 1.88 | 1.85 | 2.32 | 2.29 | 1.89 | 1.88
Ours 1.63 | 1.58 | 2.08 | 2.02 | 1.79 | 1.69

Table 2.1: Statistics on Feng et al. [2018b] benchmark

is computed as 0.7 x (outer__eye_ dist+nose_dist) (see Figure 2.2).

Evaluation metric: Given a single monocular image, the challenge consists of
reconstructing a 3D face. Since the predicted meshes occur in different local coor-
dinate systems, the reconstructed 3D mesh is rigidly aligned (rotation, translation,
and scaling) to the scan using a set of corresponding landmarks between the predic-
tion and the scan. We further perform a rigid alignment based on the scan-to-mesh
distance (which is the absolute distance between each scan vertex and the closest
point in the mesh surface) between the ground truth scan, and the reconstructed
mesh using the landmark-based alignment as initialization. The error for each
image is then computed as the scan-to-mesh distance between the ground truth
scan, and the reconstructed mesh. Different errors are then reported including
cumulative error plots over all distances, median distance, average distance, and
standard deviation.

How to participate: To participate in the challenge, we provide a web-
site https://now.is.tue.mpg.de/ to download the test images, and to upload
the reconstruction results and selected landmarks for each registration. The er-
ror metrics are then automatically computed and returned. Note that we do not
provide the ground truth scans to prevent users from fine-tuning on the test data.

2.5 Experiments

We evaluate RingNet qualitatively and quantitatively and compare our results with
publicly available methods, namely: PRNet (Feng et al. [2018a]), Extreme3D (Tran
et al. [2018]) and 3DMM-CNN (Tuan Tran et al. [2017]).

Quantitative evaluation: We compare methods on Feng et al. [2018b] and our
NoW dataset.

Feng et al. benchmark: Feng et al. [2018b] describe a benchmark dataset for
evaluating 3D face reconstruction from single images. They provide a test dataset,
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Method Median | Mean | Std
(mm) | (mm) | (mm)
PRNet (Feng et al. [2018a]) 1.51 1.99 1.90
3DMM-CNN (Tuan Tran et al. [2017]) | 1.83 2.33 2.05
FLAME-neutral (Li et al. [2017a] ) 1.24 1.57 1.34
Ours 1.23 1.55 1.32

Table 2.2: Statistics for the NoW dataset face challenge.

that contains facial images and their 3D ground truth face scans corresponding to
a subset of the Stirling/ESRC 3D face database. The test dataset contains 2000
2D neutral face images, including 656 high-quality (HQ) and 1344 low-quality
(LQ) images. The high quality images are taken in controlled scenarios and the
low quality images are extracted from video frames. The data focuses on neutral
faces whereas our data has higher variety in expression, occlusion, and lighting as
explained in Section 2.4.

Recall that the methods we compare with (PRNet, Extreme3D, 3DMM-CNN)
use 3D supervision for training whereas our approach does not. PRNet (Feng
et al. [2018a]) requires a very tightly cropped face region to give good results and
performs poorly when given the loosely cropped input image that comes with the
benchmark database. Rather than try to crop the images for PRNet, we run it on
the given images and note when it succeeds: it outputs meshes for 918 of the low-
resolution test images and for 509 of high-quality images. To be able to compare
with PRNet, we run all the other methods only on the 1427 images for which
PRNet succeeds.

We compute the error using the method in Feng et al. [2018b], which computes

the distance from ground truth scan points to the estimated mesh surface. Figure
2.7 shows the cumulative error curve for different approaches for the low-quality
and high-quality images respectively; RingNet outperforms the other methods.
Table 2.1 reports the mean, standard deviation, and median errors.
NoW face challenge: For this challenge we use cropped scans like Feng et al.
[2018b] to evaluate different methods. We first perform a rigid alignment of the
predicted meshes to the scans for all the compared methods. Then we compute
the scan-to-mesh distance (Feng et al. [2018b]) between the predicted meshes and
the scans as above. Figure 2.8 shows the cumulative error curves for the different
methods; again RingNet outperformed the others at the time of publication. We
provide the mean, median, and standard division error (at the time of publication)
in Table 2.2.

Qualitative results: Here we show the qualitative results of estimating a 3D
face/head mesh from a single face image on CelebA (Liu et al. [2015]) and MultiPIE
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Figure 2.9: Robustness towards lighting conditions: Robustness of RingNet
to varying lighting conditions. Images from the MultiPIE dataset (Gross et al.
[2010]).

dataset (Gross et al. [2010]). Figure 2.1 shows results for RingNet, illustrating its
robustness to expression, gender, head pose, hair, occlusions, etc. We show robust-
ness of our approach under different conditions like lighting, poses and occlusion in
Figures 2.9 and 2.11. Qualitative comparisons are provided in Fig. 2.10. As can be
distinctly seen, RingNet outperforms other methods in terms of facial shape and
expression reconstruction under challenging circumstances such as extreme pose,
expression, and lighting conditions.

Ablation study: Here we provide the motivation for the choice of using a ring
architecture in RingNet by comparing different values for R in Table 2.3. We
evaluate these on a validation set that contains 2D images and 3D scans of 10
subjects (six subjects from Dai et al. [2017], four from Li et al. [2017a]). For each
subject we choose one neutral scan and two to four scanner images, reconstruct
the 3D meshes for the images, and measure the scan-to-mesh reconstruction error
after rigid alignments. The error decreases when using a ring structure with more
elements over using a single triplet loss only, but it also increases training time.
To make a trade of between time and error, we chose R =6 in our experiments.
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Figure 2.10: Qualitative comparison: A qualitative comparison is conducted
between RingNet and other methods such as PRNet (Feng et al. [2018a]),
Extreme3D (Tran et al. [2018]), 3DMM-CNN (Tuan Tran et al. [2017]), and
Pix2vertex (Sela et al. [2017]). It is evident that RingNet delivers both robust
and precise facial shapes and expressions in contrast to the other mentioned meth-
ods.

2.6 Conclusion

We have addressed the challenging problem of learning to estimate a 3D, articu-
lated, and deformable shape from a single 2D image with no paired 3D training
data. We have applied our RingNet model to faces but the formulation is general.
The key idea is to exploit a ring of pairwise losses that encourage the solution to
share the same shape for images of the same person and a different shape when they
differ. We exploit the FLAME face model to factor face pose and expression from
shape so that RingNet can constrain the shape while letting the other parameters
vary. Our method requires a dataset in which some of the people appear multiple
times, as well as 2D facial features, which can be estimated by existing methods.
We provide only the relationship between the standard 2D face features and the
vertices of the 3D FLAME model. Unlike previous methods we do not optimize a
3DMM to fit 2D features, nor do we use synthetic data. Competing methods typ-
ically exploit a photometric loss using an approximate generative model of facial
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R | Median (mm) | Mean (mm) | Std (mm)
3 | 1.25 1.68 1.51
4 1 1.24 1.67 1.50
5 | 1.20 1.63 1.48
6 | 1.19 1.63 1.48

Table 2.3: Effect of varying number of ring elements R. We evaluate on a validation
set described in the ablation study.

Figure 2.11: Robustness towards occlusions: Robustness of RingNet to occlu-
sions, variations in pose, and lighting. Images from the NoW dataset.

albedo, reflectance and shading. RingNet does not need this to learn the relation-
ship between image pixels and 3D shape. In addition, our formulation captures
the full head and its pose. Finally, we have created a new public dataset with accu-
rate ground truth 3D head shape and high-quality images taken in a wide range of
conditions. Surprisingly, RingNet outperforms methods that use 3D supervision.
This opens many directions for future research, for example extending RingNet
with Ranjan et al. [2018]. Here we focused on a case with no 3D supervision but
we could relax this and use supervision when it is available. We expect that a small
amount of supervision would increase accuracy while the large dataset of in-the-
wild images provides robustness to illumination, occlusion, etc. Our 2D feature
detector does not include the ears, though these are highly distinctive features.
Adding 2D ear detections would further improve the 3D head pose and shape. It
would be interesting to see if RingNet can be extended to reconstruct 3D body
pose and shape from images solely using 2D joints (Pavlakos et al. [2019]). This
could go beyond current methods, like HMR (Kanazawa et al. [2018]), to learn
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about body shape. While RingNet learns a mapping to an existing 3D model of
the face, we could relax this and also optimize over the low-dimensional shape
space, enabling us to learn a more detailed shape model from examples. For this,
incorporating shading cues (Tewari et al. [2017], Sengupta et al. [2018]) would
help constrain the problem.
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Chapter 3

Transposition leveraging unpaired
data

3.1 Introduction

Now given a single source image of a person, can we generate a realistic image of
what they would look like from a different viewpoint, in a different pose, by lever-
aging unpaired data and informed observations like the previous chapter? While
this problem is inherently ambiguous, there is significant statistical regularity in
human pose, clothing, and appearance, that could make this possible as illustrated
in Fig. 3.1. A solution to the problem would have widespread applications in on-
line fashion, gaming, personal avatar creation or animation, and has consequently
generated significant research interest (Dong et al. [2020a], Knoche et al. [2020],
Ren et al. [2020], Shi et al. [2020], Song et al. [2019], Yang et al. [2020]).

Recent work focuses on generative modeling (Goodfellow et al. [2014], Isola et al.
[2017], Karras et al. [2019], Zhu et al. [2017]), especially using conditional image
synthesis. One set of methods uses supervised training (Dong et al. [2020a], Li et al.
[2019], Liu et al. [2019], Sarkar et al. [2020]), which requires paired training images
of the same person in different poses with the same appearance and clothing.
Requiring such paired data limits the potential size of the training set, which
can impair robustness and generalization. Consequently, we address this problem
without any paired data by developing a self-supervised approach similar to the
previous chapter. Such self-supervised formulations have also received significant
recent attention (Esser et al. [2018], Ma et al. [2018], Pumarola et al. [2018], Yang
et al. [2020]).

Our novel formulation builds on the idea of cycle-consistency (Zhu et al. [2017])
with some important modifications. For the forward direction of the cycle, the
method takes a source image, source pose and target pose and generates a target
image conditioned on pose and appearance. The reverse direction takes this gen-
erated image and regenerates the source image by switching the source and target
conditions. The goal is to minimize the difference between the original input im-
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Figure 3.1: SPICE (Self-supervised Person Image CrEation) generates an image
of a person in a novel pose given a source image and a target pose. Each triplet
in the figure consists of the source image (left), a reference image in target pose
(middle) and the generated image in the target pose (right); input and reference
images are from the DeepFashion test set (Liu et al. [2016]). Additional results
are provided in Appendix C.
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age and the one synthesized through the cycle. The problem is that this approach
can have a trivial solution in which the cycle produces the identity mapping. To
address this, previous methods (Pumarola et al. [2018], Song et al. [2019]) con-
strain the target image generation with 2D information. Human bodies, however,
are non-rigid 3D entities and their deformations and occlusions are not easily ex-
pressed in 2D. We show how leveraging 3D information, automatically extracted
from images, constrains the model in multiple ways.

Specifically, our method, called SPICE (Self-supervised Person Image CrEation),
exploits the estimated 3D body to constrain the image generation, enabling self-
supervised learning. In particular, we estimate the SMPL body model (Loper
et al. [2015]) parameters corresponding to both the input and the generated target
image. Since the input and target image only differ in terms of their pose, their
body shape should be the same. SMPL makes this easy to enforce because it factors
body shape from pose like FLAME (Li et al. [2017b]). Using this we introduce two
losses. First, we use a pose loss that encourages the body pose in the generated
image to match the target pose in 3D. Second, we add a shape consistency loss
that encourages the person in the generated image to have the same 3D shape as
the person in the source image (Fig. 3.2).

These two constraints, however, are not sufficient to generate images with the
correct appearance since they only force the model to generate an image with
the right shape and pose. There is no constraint that the generated image has the
appearance of the source image (e.g. clothing, hair, etc.). Prior work addresses this
by enforcing a perceptual loss between patches at each 2D joint (Pumarola et al.
[2018]). This is not sufficient when the body is seen with large viewpoint changes
or where a body part becomes occluded; see Fig. 3.3. We solve this problem by
introducing pose-dependent appearance consistency on the body surface instead of
at the joints. The idea is that the projected surface of the 3D body in two different
poses must have similar appearance features for matching parts of the body and
this similarity should be weighted proportional to the relative global orientation
difference between the 3D bodies.

In summary, we improve the realism of self-supervised human reposing by ex-
ploiting 3D body information in three novel ways: using a 3D pose loss, body shape
consistency, and occlusion-aware appearance feature consistency. We train SPICE
with our new constraints on unpaired data. Extensive experiments on the Deep-
Fashion (Liu et al. [2016]) and Fashion Video datasets (Zablotskaia et al. [2019])
show the effectiveness of our model qualitatively and quantitatively. SPICE signif-
icantly outperforms the prior state-of-the-art (SOTA) un/self-supervised methods
and is nearly as accurate as the best supervised methods.
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Figure 3.2: Shape consistency: The first column shows two images of the same
person in two different poses and views. The second column shows the 3D bodies
predicted by our 3D regressor and posed in a T-pose. The estimated 3D body
shape is similar for the same subject across poses and views. The third column
shows the per-vertex difference of both meshes, color coded from blue (0 mm) to
red (20 mm).

3.2 Related Work

Methods for reposing images of humans can be broadly divided into two categories:
supervised or unsupervised. While both approaches rely on generative modeling
(Goodfellow et al. [2014], Isola et al. [2017], Karras et al. [2019], Zhu et al. [2017]),
the supervised methods require paired ground truth: source and target training
images of the person in different poses. Our approach falls into the unsupervised or
self-supervised category, in which we do not use paired training data. We address
each class of methods below.

Supervised methods: Supervised approaches learn to transform a source image
given a source pose and a target pose (Balakrishnan et al. [2018], Dong et al.
[2018, 2020a], Grigorev et al. [2019], Knoche et al. [2020], Li et al. [2019], Liu et al.
[2019], Ma et al. [2017, 2020a], Men et al. [2020], Neverova et al. [2018], Ren et al.
[2020], Sarkar et al. [2020], Siarohin et al. [2019, 2018a,b], Tang et al. [2020, 2021],
Yang et al. [2018, 2021], Zanfir et al. [2020], Zhu et al. [2019], Lakhal et al. [2018]).
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Figure 3.3: Problem: patch loss based on 2D keypoints. A person is seen in
three different poses with the same clothing. A patch (white rectangle) is extracted
at her left hip keypoint. Assuming that the appearance of the patch is the same
across viewpoints is incorrect. Instead, SPICE uses the 3D body surface to reason
about the regions of the body that are visible in multiple views. Keypoints are
predicted by OpenPose (Cao et al. [2019]) for this figure.

Supervision is provided by the target image during training and usually adversarial
and perceptual losses are used to train the model (Shi et al. [2020]). The differences
between methods usually lie in network inputs and their architectures. Dong et
al. (Dong et al. [2018]) synthesize the target image in two stages. First they
generate a target pose segmentation from the source pose and use it in their soft-
gated warping block architecture to render the person in the target pose. Knoche
et al. [2020] learn an implicit volumetric representation of the person to warp
the source pose into the target pose. The volumetric representation is implicitly
learned using an encoder decoder architecture. Li et al. [2019] utilize a learned flow
field to warp a person in a source pose to the target pose. The flow field is learned
from 3D bodies and is used for warping at the feature level and pixel level in a deep
architecture. Ma et al. [2017] first generate a coarse image of the global structure
of a human in the target pose from the source pose in a two stage network. This is
then refined in an adversarial way in the second stage to get finer details. Sarkar
et al. [2020] compute a partial UV texture map using DensePose (Giiler et al.
[2018]) from the source image. They use this as input to their network, which
learns to complete the UV texture map and render it in a target pose using neural
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rendering. Siarohin et al. [2018a] propose a network architecture using deformable
skip connections to tackle the problem. Tang et al. [2020] propose a co-attention
fusion model that fuses appearance and shape features from images, which they
disentangle inside their architecture. They use two different discriminators for
appearance and shape to jointly judge the generation. Zhu et al. [2019] propose
a progressive generator using a sequence of attention transfer blocks. Each of
these blocks transfers certain regions it attends to and generates the image of the
person progressively. Ren et al. [2020] propose a new deep architecture where
they combine flow-based operations with an attention mechanism. Note that the
above methods are all supervised and cannot be directly used in the self-supervised
scenario. In contrast, our work is focused on unpaired data and we build on the
Ren et al. [2020] architecture to enable this. Thus our contribution does not lie
with network architecture but, rather, in introducing novel constraints that make
it possible to solve the problem without paired data.

Unsupervised or self-supervised settings:  There is an increasing interest
in solving the problem in an unsupervised /unpaired manner. Such approaches can
work when paired data is not available or can increase robustness and generaliza-
tion by combining paired and unpaired data. An early approach (Ma et al. [2018])
divides the process in two stages. The first stage uses an auto-encoder-based ar-
chitecture to learn the corresponding embedding space for pose, foreground and
background from source images. The second stage maps Gaussian noise to the
embedding space of pose, foreground and background and uses the pretrained de-
coder from the first stage to generate a person’s image in a new pose. Yang et al.
[2020] train an appearance encoder from the source image to learn the appearance
representation or embedding. They fuse the appearance embedding with the pose
embedding coming from an image of a different person in a different pose. In this
way they generate the person’s image in the new pose. Esser et al. [2018] use
a U-Net architecture conditioned on the output of a variational auto-encoder for
appearance. They also try to disentangle pose and appearance of a person from
the source images.

In general, the mentioned approaches attempt to disentangle shape, pose and
appearance in the latent space from a 2D image, which is a hard problem. This
results in a relatively poor image generation quality. Instead of learning this dis-
entanglement from images we approach the problem differently. We extract the
person’s pose and shape information in a parametric decoupled 3D body represen-
tation, SMPL (Loper et al. [2015]), and constrain our self-supervised generation.
Furthermore, we also constrain appearance generation by leveraging the surface
and projection of the 3D body.

Similar to our cyclic formulation, Pumarola et al. (Pumarola et al. [2018]) and
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Song et al. (Song et al. [2019]) train their networks in a self-supervised CycleGAN
(Zhu et al. [2017]) fashion. Additionally, Song et al. [2019] use semantic parsing
maps as input to the network. They constrain their self-supervised generation with
2D information. We differ from these methods by constraining the self-supervised
approach with 3D body information.

3.3 Method

SPICE requires a training dataset of tuples (I, P, R), each containing an image [
of a person, their pose P as 2D keypoints, and a 2D rendering R. To generate R
we fit the SMPL 3D mesh (Loper et al. [2015]) to P using SMPLify (Bogo et al.
[2016]), and render the mesh using a color wheel texture in UV space.

We treat all the samples in the dataset as independent; that is, our method does
not require images of the same person wearing the same clothing in different poses
(i.e. without direct supervision through paired data). During training, the source
image [, source pose Ps, source rendering R, target pose P; and target rendering
R; are given. SPICE then synthesizes the image I;, which is the reposed source
image I, using a generator network G (Section 3.3.1):

I; =G(I,, Py, Ry, P,). (3.1)

During training, we exploit cycle-consistency (Section 3.3.2). Specifically, we gen-
erate a synthetic version of the source image from I; by reusing G; ie. I, =
g (ft, Py, Ry, Ps). This enables us to directly apply perceptual and pixel-wise losses
between [, and I s to train G. To prevent trivial solutions, we add 3D guidance
(Section 3.3.3) and appearance constraints (Section 3.3.4) for I;. See Fig. 3.4 for
an overview of the SPICE training pipeline.

3.3.1 Generator architecture

Our generator G has two modules: a global flow field estimator and a local neural
rendering module. The flow estimator module takes Rg, P, P; as input and
generates 2D warping fields at the feature level between the source and the target
pose. The neural rendering module takes Is and P; as inputs and uses the generated
warping fields at the feature level of its local attention blocks to generate I;. The
loss for the flow estimator module can be written as,

Rs—R Ri—Rs
/Cflow = ‘Cfloz ' +‘Cfltoz ) (32)

where E?;ﬁi is the weighted addition of the sampling correctness loss and regular-

ization loss for the generated flow fields, as proposed by Ren et al. [2020]. We refer
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Figure 3.4: Overview of SPICE: Given a source image of a person I, source pose Ps, target pose P; and 3D mesh
rendering of the source pose Rg, the generator G generates a target image with the person in the target pose. Then
the source and target pose are swapped and passed through G but with the generated target image as the source.
This should re-generate the source image enabling the use of a cyclic self-supervision loss, L.y¢e, during training. To
prevent trivial solutions, the cycle is constrained by losses on 3D pose Lg, shape Lg and appearance Lgy),, which are
the main contributions of SPICE (Section 3.3), and an adversarial loss L,4,. Note that the P and P; are provided
as input heat-maps to G.
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to Appendix B for more details on computation of the losses. Here, EJIEZSOZRt is

applied while synthesizing I}, and E?Z‘ZZRt is applied when regenerating I, at the

end of the cycle. The sampling correctness loss is the computed cosine similarity
distance between the warped source features and target features. The source and
target features come from a specific layer of a pre-trained VGG network (Simonyan
and Zisserman [2015]) given the source and target renderings as input, respectively.
The regularisation loss provides regularisation to the generated warping fields.

Our generator follows the design of Ren et al. [2020] with the difference that the
flow estimator is trained on source and target renderings (i.e. Rs and R;), instead
of source and target images (i.e. I5 and I;), due to the unavailability of I; in our
setting.

3.3.2 Closing the cycle

Enforcing cycle consistency enables us to train SPICE with supervised losses be-
tween the source image I; and the regenerated source image I,. Specifically, we
minimize

Ecycle = Apercepﬁpemep + )\styleﬁstyle + )\pixﬁpixa (3-3>
where the \’s are individual loss weights, and the perceptual loss Lyercep, style loss
Lstyie, (Johnson et al. [2016]), and pixel-wise loss Ly, are defined as

£percep = Z H¢j (Is) - (z)j (fs) 1
Lstyle = Z HG(%(IS» - G<¢j(f5))H1
J

Epiac - ]s - js

1 Y

where ¢; is the activation map of the j% layer of a pretrained VGG network (Si-
monyan and Zisserman [2015]), and G is the Gram matrix built from the activation
map ¢j.

To generate realistic looking images, SPICE minimizes an adversarial loss by
adding a discriminator, D, that discriminates between the fake images I} and real
images I5. To provide pose information along with each image, we condition D
on the corresponding rendering (i.e. R; for ft, and R for I5), by providing the
concatenation of the two images as discriminator input. Formally, we minimize

Ladw = Ellog(1— D(I;, Ry))] +E[log D(I, Rs)]. (3.4)
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3.3.3 Pose and shape consistency

SPICE uses the SMPL (Loper et al. [2015]) 3D human body model to enforce pose
and shape consistency during training. SMPL combines identity-dependent shape
blendshapes with pose-dependent corrective blendshapes and linear blendskinning
(LBS) for pose articulation. Importantly, this formulation disentangles body shape
form pose. Given parameters for shape 8 € RI8l and pose 8 € R35+3 SMPL is a
function, M(3,0) that outputs a 3D mesh with N = 6890 vertices.

To extract SMPL shape and pose parameters 8 and @ from I, we use a differ-
entiable regressor (Kolotouros et al. [2019b]), denoted as

Given the extracted SMPL parameters Bt,ét = f3 D(ft), we define a loss that en-
courages the 3D rotation of the joints in the synthetic image, 8¢, to be the same
as the rotation of the joints in the target pose 6;:

o= Jo-d]

¥ (3.6)

where 6; is obtained by running SMPLify (Bogo et al. [2016]) on P;.

SPICE also enforces body shape consistency (Fig. 3.2) based on the observation
that while I, and I; differ in pose, their body shapes B, (i.e. 8,05 = f3p(Is)) and
Bt must be the same, enforced by

ﬁﬂ:]

B,— B, (3.7)

3.3.4 Appearance feature consistency

The above losses constrain pose and shape in ft, but do not guarantee that the
appearance of I, remains consistent with 7. Consequently, we formulate an addi-
tional constraint on the appearance of matching regions in I and Iy to be similar.
Due to the unconstrained change in the pose between I3 and ft, we cannot apply
the deep appearance loss (perceptual or style loss) directly between those images.

Instead, we leverage the 3D body mesh to apply an appearance loss between
corresponding image segments. Given SMPL parameters 8 and 0, we render the
mesh M(3,0) with the texture from Fig. 3.5 a) to get the image segments for
the rendered front and back torso areas, shown in Fig. 3.5 b), and ¢). Let M,k
denote a binary mask, with value 1 for pixels within the front/back torso segment
and 0 elsewhere. Further, let Py, denote I © Mpy,q4, where © is the Hadamard
product. Both, m and p are cropped from M, and Ppatcn, by the bounding
box of the image segment.
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a) b) c)

Figure 3.5: Appearance feature consistency: a) SMPL template with front
(red) and back (blue) torso masks. b) and c) show images of a person in different
poses (left), and corresponding torso masks obtained by rendering the 3D body
with the subject’s pose. The appearance consistency loss is then applied on image
segments for torso masks of the same color weighted by the relative pelvis rotation.

Given image patches ps and p; together with binary masks mg and m;, both
extracted from s and [;, the appearance consistency is given as,

lapp = )‘al Z Hgbk(ps) Q@Z)k(ms) - Qbk(ﬁt) Q@Z)k(mt)”l
F (3.8)

s G5 (ps) @5(ms) = G () © ()
J
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where the \’s are weights, ¢y, is the activation map of the k' layer of pretrained
VGG network (Simonyan and Zisserman [2015]), (G-};{5 is the Gram matrix built from
the corresponding activation map ¢, and v is the down-sampling function for the
corresponding layer.

Note that the appearance loss, as it is formulated, requires sufficient overlap of
corresponding image features within the mask crop. We compute the appearance
loss as:

Lapp = AM05,01) X lapp, (3.9)

where \(05,0;) is a weighting function that depends on the relative pelvis rotation
(i.e. rotation around the SMPL root joint) between the source and target pose:

1.0 if 0° < |67 — 0P| < 20°
0.1 if 20° < |67 — 6P| < 40°

AOs,04) = 3.10
(6:,8¢) 0.01 if 40° < |9 — V| < 60° (3.10)
0.0 otherwise.
3.3.5 Final loss
The total loss of the proposed approach is:
ESP[C’E :O‘cycleﬁcycle + aflowﬁflow + O‘advﬁadv (3 11)

+agLle+agLlg+ aappLapp,

where «; are the corresponding loss weights. The following section provides details
on how these weights are set.

3.4 Experiments

Datasets: SPICE is evaluated on two publicly available datasets, namely the
DeepFashion In-shop Clothes Retrieval Benchmark (Liu et al. [2016]) and the
Fashion Video datatset (Zablotskaia et al. [2019]). The DeepFashion data are used
for qualitative and quantitative comparisons and Fashion Video data for motion
transfer examples, following Sarkar et al. [2020]. The DeepFashion dataset (Liu
et al. [2016]) consists of 52712 high-resolution model images (mostly female) in
fashion poses. The data are split into training and testing sets as in previous
work (Ren et al. [2020], Zhu et al. [2019]). For training, we use 25341 images from
the training set, in which body keypoints from nose to knee are at least visible.
Further, 100 randomly selected images from the training set are held out as a
validation set for model selection. The qualitative and quantitative evaluations
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DeepFashion Unpaired FID(]) LPIPS({)
Def-GAN (Siarohin et al. [2018a]) X 18.5 0.233
Pose-Attn (Zhu et al. [2019]) X 207 0.253
Intr-Flow (Li et al. [2019]) X 163 0.213
CoCosNet* (Zhang et al. [2020]) X 14.4 -
ADGAN ** (Men et al. [2020]) X 22.7 0.183
Ren et al. ** (Ren et al. [2020]) X 6.4 0.143
VUNet ** (Esser et al. [2018] ) 34.7 0.212
DPIG ** (Ma et al. [2018]) 482  0.284
PGSPT ** (Song et al. [2019]) 29.9 0.238
SPICE (Ours) 7.8 0.164

Table 3.1: Quantitative comparison of our method with other state-of-the-art meth-
ods. The * denotes that the method reports results for a different train/test split.
The ** denotes that the metrics were recalculated using publicly available code
and following the protocol described in Evaluation metrices; note that recalcu-
lation of the metrics results in different numbers from those reported in Ren et al.
[2020].

are performed on the same 8570 image pairs as used by Ren et al. [2020]. The
Fashion Video dataset (Zablotskaia et al. [2019]) consists of fashion pose video
sequences of women in various clothing, captured with a static video camera. The
dataset is split into 500 training and 100 test videos as done by Sarkar et al. [2020],
with each video containing roughly 350 frames. Please note that SPICE uses no
paired images for training.

Training details: We use residual blocks as basic building blocks for G. For
more details of the architecture we refer the reader to Ren et al. [2020]. We
train SPICE with an image resolution of 256 x 256 for both datasets. We use
spectral normalisation for both the generator and discriminator. The learning
rate is 8e—4 for G and 1.6e—3 for the discriminator following a GAN training
strategy similar to Heusel et al. [2017]. We use 8 NVIDIA V100 GPUs to train
SPICE, where each GPU has a batch size of 8. We set the weights for different
losses as follows: cyele = 1.0, f100 = 1.0,aqqy = 1.0, = 0.01, 0 = 0.01, v =
1.0, Aq; = 0.01, Ag, = 10.0, Apereep = 0.5, Agtyie = 500.0, Apiz = 5.0. First, we train the
flow-field estimator. Differing from Ren et al. [2020], we use Rs and R; together
with keypoints due to the unavailability of I; during training. Rs and R; are
used as the replacement for Iy and I; respectively in their flow estimator module.
We also finetune the 3D regressor f3p on our training splits of the DeepFashion
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dataset (Liu et al. [2016]) following a similar approach of Kolotouros et al. [2019a].
During the finetuning of f3p, we use a representation similar to that proposed
by Zhou et al. [2019] for representing 3D rotations. Finally, we train the whole
SPICE model end-to-end keeping the 3D regressor weights fixed. During a training
iteration we use ROIAlign (He et al. [2017]) to extract the desired regions from I
and I;. We trained our models for 5 days (~400 epochs). Inference for a single
image takes 74 ms using a single NVIDIA V100 GPU.

Evaluation metrics: We use a variety of metrics to evaluate our experimental
results in line with the methodology set out in Ren et al. [2020]. These metrics
include Learned Perceptual Image Patch Similarity (LPIPS) and Fréchet Inception
Distance (FID), as defined by Zhang et al. [2018] and Heusel et al. [2017], respec-
tively. LPIPS measures the perceptual distance between the image created by
SPICE and the actual image, thereby assessing the model’s reconstruction error.
On the other hand, the FID score, defined as the Wasserstein-2 distance between
the distributions of real and generated images, measures the realism of images
produced by the model.

Further metrics we utilize include contextual similarity (Men et al. [2020]) and
object keypoint similarity (OKS) to compare SPICE with other un/self-supervised
methods. The former, contextual similarity (CX), assesses the likeness between
the source and the image generated by SPICE (CX-GS) as well as between the
target and generated image (CX-GT). This is calculated by determining the cosine
similarity between deep features extracted from two unaligned images using the
VGG19 model. This implementation is drawn from the original codebase (Men
et al. [2020], Men).

The latter metric, object keypoint similarity (OKS), measures the distance be-
tween the target pose and the pose in the generated image. This is done by using
OpenPose (Cao et al. [2019]) to extract the keypoints from the target and the
generated images.

For consistency, all images created by the model are padded to a size of 256x256
with a white border. Reference images are prepared by resizing original images
from the DeepFashion dataset to a height of 256 and padding them to a size of
256x256 with a white border. We use PyTorch implementations of FID (Seitzer
[2020]) and LPIPS (Zhang et al.) which uses AlexNet as a feature extractor.
The FID scores are calculated using training images as the reference distribution.
The generated images used for the calculation are produced using the test split
from Ren et al. [2020] and Zhu et al. [2019].

Quantitative evaluation: Table 3.1 quantitatively compares our method and
other state-of-the-art approaches on the DeepFashion dataset (Liu et al. [2016]).
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DeepFashion CX-GS(1) CX-GT(1) OKS(1)
VU-Net (Esser et al. [2018]) 0.182 0.245 0.93
DPIG (Ma et al. [2018]) 0.164 0.197 0.86
PGSPT (Song et al. [2019])  0.169 0.222 0.90
SPICE (Ours) 0.236 0.311 0.94

Table 3.2: Additional quantitative comparison of SPICE with other unpaired state-
of-the-art methods.

We compare with Def-GAN (Siarohin et al. [2018a]), Pose-Attn (Zhu et al. [2019]),
Intr-Flow (Li et al. [2019]), CoCosNet (Zhang et al. [2020]), ADGAN (Men et al.
[2020]), Ren et al. (Ren et al. [2020]), DPIG (Ma et al. [2018]), VUNet (Esser
et al. [2018]) and PGSPT (Song et al. [2019]. Note that Def-GAN, Pose-Attn,
Intr-Flow, CoCosNet, ADGAN and Ren et al. are supervised methods, requiring
the ground-truth image of a person in the target pose and clothing during training.
In contrast, our method is unsupervised and comparable with the bottom half of
the table (i.e. Ma et al. [2018], Esser et al. [2018]). We have used the publicly
available code provided by Ren et al. (Ren et al. [2020]), ADGAN (Men et al.
[2020]), VUNet (Esser et al. [2018]), DPIG (Ma et al. [2018]) and PGSPT (Song
et al. [2019]) to regenerate the images on our test split and recompute the metrics.
SPICE achieves state-of-the-art results among unpaired methods and competitive
results when compared with supervised methods. It also significantly outperforms
other unsupervised methods in both the contextual similarity scores and the OKS,
as demonstrated in Table 3.2.

Qualitative evaluation: Fig. 3.1 shows results on the DeepFashion test split.
SPICE does a good job of preserving the target appearance and pose despite the
large pose change. Fig. 3.6 provides a qualitative comparison with other un/self-
supervised methods on the DeepFashion test split. SPICE generates more realistic
and high quality images while preserving pose and appearance compared with
DPIG (Ma et al. [2018]), VUNet (Esser et al. [2018]) and PGSPT (Song et al.
[2019]). We provide additional qualitative evaluation results in Appendix C.

Motion transfer: If you can generate one pose, you can generate a sequence
of poses. Consequently, we show video generation on the test split of the Fashion
Video dataset in Fig 3.7. We randomly select one video from the test split to
act as a driving video that provides the target pose. We take the first frame of
the other videos from the test split as the source image and generate the whole
sequence from these. Please note that we did not train SPICE to generate videos;
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Figure 3.6: Qualitative comparison: We qualitatively evaluate SPICE against
other methods that use either unsupervised or self-supervised approaches. The
methods we compare it against include DPIG (Ma et al. [2018]), VUNet (Esser
et al. [2018]) and PGSPT (Song et al. [2019]). SPICE outperforms these methods
by producing images of superior realism and quality. Additionally, it maintains
pose and appearance. Additional results are included in Appendix C.

i.e. there is no video supervision or temporal consistency.

Ablation study: Table 3.3 summarizes our ablation study, which removes one
loss at a time from the model. The configuration “SPICE w unconditional D”
means that we give the generated image to the discriminator without conditioning
on pose by concatenating the renderings. Our full model better preserves details,
pose, and has better overall image quality. Trained without the pose loss, the
generator has less information about the self-occlusions of the body. Therefore it
tends to generate poses that are not possible for a real person, e.g. growing legs
inside another leg, etc. If we train SPICE excluding the shape loss, the generator
has less information about the 3D body shape of the person in the source image,
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Figure 3.7: Qualitative results on the Fashion Video dataset (Zablotskaia et al.
[2019]). Video frames are synthesized from the source frame using the poses in the
driving video.
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Configuration FID(}) LPIPS({)
SPICE w/o shape loss 8.7 0.166
SPICE w/o pose loss 8.4 0.165
SPICE w/o appearance loss 9.9 0.164
SPICE w unconditional D 10.0 0.167
SPICE 7.8 0.164

Table 3.3: Ablation study on DeepFashion test set Liu et al. [2016].

REF
GEN 80 90 95 RAW
80 69 73 81 121
90 75 71 74 106
95 87 78 74 9.6
RAW 124 104 9.1 7.8

Table 3.4: FID as a function of the JPEG quality level for generated (GEN) and
reference images (REF).

which can lead to inconsistent deformations of shape in the generated images;
e.g. having bigger hips with a very thin waist, etc. Excluding the appearance
loss during training leads to less detailed reconstructions and an overall reduced
clothing consistency. Fig. 3.8 illustrates such loss-specific artifacts.

FID for different JPEG quality levels: The common practice to calculate
metrics on generated images is to save the images on disk in JPEG format as an
intermediate step. We noticed that this affects the FID calculation significantly,
as shown in Table 3.4. The Frechet Inception Distance (FID) score increases
with disparities in JPEG compression ratios between real and generated images.
Moreover, the FID score decreases when higher levels of JPEG compression are
consistently applied to both the real and generated image distributions.

Discussions and limitations: While the DeepFashion dataset (Liu et al.
[2016]) provides paired data, these pairs do not always have the same outfit, as
can be seen in the bottom row of fig. 3.6. A manual inspection of 500 randomly
selected pairs from the training dataset revealed that 16% of these pairs exhibit
discrepancies, with one image in each pair featuring additional accessories or al-
tered clothing. Supervised learning methodologies necessitate the use of identical
subjects, maintaining consistent attire and accessories, across two distinct poses
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Figure 3.8: Loss specific artifacts: Each row shows artifacts when training
without a specific loss. Top: without shape loss. Middle: without pose loss.
Bottom: without appearance loss. From left to right: source image, reference
image in the target pose, generated without the corresponding loss, and SPICE;,
respectively.
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Figure 3.9: Limitations: SPICE has difficulty super-resolving fine details when
zooming, dealing with extreme closeups, and generating humans from clothing
images without humans.

for effective training. Variations in attire or the introduction of new accessories
within these poses can affect the training efficiency of these methods. Instead,
we take the extreme approach of pure self-supervision to see how far this can be
pushed. For extreme pose/view changes, the solution is highly ambiguous: there
is no way to know the front of an outfit from the back or vice versa. Although
SPICE generates a plausible solution, the result might not match the real invisible
details. A practical use case would limit the range of pose variation between source
and target. SPICE requires the target pose of a person where much of the body
is in view (Fig. 3.9). Our model has difficulties preserving fine patterns when the
camera zooms in Fig. 3.9. Zoom requires super-resolution which is a research topic
in itself.

3.5 Conclusion

We have presented SPICE, a novel approach to repose clothed humans from a
single image. SPICE is trained in a self-supervised fashion without paired training
data by exploiting cycle consistency. Our key insight is to use 3D body information
during training in different ways to constrain the image generation. First, SPICE
leverages a parametric 3D body model and a 3D body regressor to constrain body
shape and pose. Second, SPICE uses the 3D body mesh to coherently segment
source and generated images to enforce an occlusion-aware appearance feature
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consistency. Third, SPICE conditions a discriminator on colored mesh renderings
to increase the quality of the generated images. Once trained, SPICE takes a single
image and a target pose specified by 2D keypoints, and generates an image of the
same person in the target pose. SPICE generates images that are significantly
better than previous unsupervised methods, and that are similar in quality to
the state-of-the-art supervised method at the time of publication. Additionally,
SPICE can readily generate videos, although it is not trained for this task.

Adding 3D constraints to the reposing problem enables a number of applications
that go beyond the scope of this and belong to future work. Although we used
our shape and appearance losses to keep those traits constant, they could as well
be used to control the output model appearance (e.g. changing the pattern of a
T-shirt) or shape (e.g. changing the body proportions of the model).
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Chapter 4

Generation leveraging unpaired
data

4.1 Introduction

Generating 3D virtual humans that can be articulated with realistically deforming
clothing, is a key challenge of content creation for games and movies. Virtual assis-
tants in augmented and virtual reality could be enriched by an automatically gen-
erated 3D human appearance. Furthermore, synthetic humans could also play an
important role in data generation to comply with privacy and data protection laws.
3D scenes with moving humans can be synthesized to create datasets for train-
ing, for example, human pose estimation. In the previous chapters, we discussed
the modeling of geometry and appearance of digital human avatars, addressing
each aspect separately; Chapter 2 concentrated on reconstructing geometry, while
Chapter 3 dealt with the appearance to enable controllable digital humans. The
question now arises: can we use the informed insights gained from data like these
chapters to jointly model both the geometry and appearance, thereby enhancing
the control over digital human generation?

Recently, we have seen immense progress in the synthesis of virtual 3D hu-
mans (Hong et al. [2023], Zhang et al. [2022], Grigorev et al. [2021], Bergman et al.
[2022], Noguchi et al. [2022], Jiang et al. [2022]). However, they are almost exclu-
sively based on implicit representations, such as neural radiance fields (Noguchi
et al. [2022], Hong et al. [2023]). These implicit representations are incompatible
with classical rendering frameworks, making it challenging to integrate them into
existing applications. To address this, we propose SCULPT a generative model
of explicit 3D geometry (meshes) and the appearance (texture maps) of clothed
humans (Fig. 4.1). There are several challenges that we need to address to build
such a model. To naively train the 3D generative model, a large dataset of 3D
scanned humans would be required containing a diverse set of people in a variety of
different poses, wearing different outfits. Not only such data is not publicly avail-
able, but it would also be very expensive to collect. However, we observed that
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Figure 4.1: SCULPT is a generative model of geometry and appearance of clothed
human meshes. The generated textured clothing mesh can be readily inserted into
3D scenes. In the above figure, we generated the clothed humans and placed them
on a 3D floor. The scene has a single camera with global directional light settings.
Additional results are included in Appendix D.

there are different requirements for learning the geometry and texture of a genera-
tive model. For geometry learning, there are medium-scale datasets of 3D-scanned
humans that are publicly accessible. Additionally, 2D images depicting humans in
various outfits are abundantly available, which can assist in learning appearance
or texture. It is also noted that clothing items, such as t-shirts, despite having
identical geometries, can vary significantly in colors and patterns. This diversity
allows for a wide range of colors and textures to be associated with similar geomet-
rical structures. Based on this observation, we propose to leverage medium-scale
datasets of 3D scans to learn the geometry distribution, while large-scale 2D image
datasets are used to learn the appearance model. Based on these data sources,
and leveraging the foundational SMPL body model (Loper et al. [2015]), we design
our explicit generative model.

Specifically, we modify the StyleGAN architecture to output (i) pose-dependent
geometry in terms of displacement maps, and (ii) geometry-dependent appearance
in terms of a color texture, in the texture space (UV-space) of the SMPL tem-
plate. Our geometry model is trained using the CAPE dataset (Ma et al. [2020b]),
which contains pose annotations as well as registered SMPL meshes. We use the
trained geometry model to condition our texture generator, which is trained on a
large collection of 2D fashion images. Note that we train the texture model in an
unsupervised way, only relying on adversarial losses, thereby avoiding the require-
ment of 3D data paired with 2D images. The process of geometry conditioning
plays a crucial role in maintaining coherence between appearance and geometry.
In essence, this process ensures that the visual and geometric attributes of the
clothed human harmoniously conform to each other. To mitigate dependence of
generated clothing type or its color on the body pose, we condition both the tex-
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ture and the geometry generators with attribute labels. This approach reduces
the entanglement between pose and clothing attributes, resulting in more realistic
and accurate generation. We automatically generate these labels by using the vi-
sual question-answering model BLIP (Li et al. [2022]), and CLIP (Radford et al.
[2021]).

During inference, our model has the ability to generate a diverse set of clothed,
textured 3D humans that can be controlled by various parameters such as cloth-
ing type, and clothing appearance such as color. This level of control over the
generated output is a significant advantage of our approach, as it allows for great
flexibility in generating realistically clothed and textured 3D humans. The coarse
clothing color can be controlled from text-based inputs, which enables users to
specify the desired color for a given piece of clothing without requiring detailed
knowledge of 3D modeling or design. Moreover, since our generative model pro-
duces 3D meshes it is compatible with existing graphics and game engines, allowing
seamless integration into a range of applications. In summary, the contribution
of this work is a novel hybrid learning strategy for unsupervised and unpaired
learning of a generative model of 3D virtual humans. It is enabled by coupling the
appearance and geometry network via language-driven attribute labels.

4.2 Related Work

Generative 3D modeling: 3D-aware generative models have been receiving
a tremendous amount of focus from the computer vision community in recent
years (Chan et al. [2022], Or-El et al. [2022], Gao et al. [2022], Chan et al. [2021],
Schwarz et al. [2020, 2022]). This has resulted in different representations of 3D
objects and scenes like implicit functions and different rendering techniques such
as volumetric rendering. In the following paragraph, we provide a brief overview
of these concepts as they help contextualize our current work better.

Chan et al. [2021] propose a new architecture for generative models, where they
build the generator with SIREN networks (Sitzmann et al. [2020]) and perform
volumetric rendering to generate 2D images. The SIREN network models the
inherent geometry of an image using implicit representations which are rendered to
a 2D image via volumetric rendering inspired by NeRF (Mildenhall et al. [2020]).
Or-El et al. [2022] combine an SDF-based 3D representation with a style-based
2D generator. The SDF-based representation helps in achieving geometry details
but produces low-resolution image features, which are then fed to a 2D-based
style generator that produces high-resolution images. Chan et al. [2022] take an
interesting direction by decoupling feature generation and neural rendering with
the help of a tri-plane representation. This enables them to leverage the power
of superior image generation modules like StyleGAN2 (Karras et al. [2020b]) to
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generate high-quality 2D results. Even though these works have advanced the
state-of-the-art in 3D aware image synthesis for relatively simple objects like cars
or faces, their generated geometry is not of high quality. Moreover, they are not
directly usable for complex 3D deformable and articulable models like clothed
humans. This requires incorporating more refined domain information.

This leads to a more focused set of generative models (Hong et al. [2023], Zhang
et al. [2022], Grigorev et al. [2021], Bergman et al. [2022], Noguchi et al. [2022],
Jiang et al. [2022], Ma et al. [2020b], Chen et al. [2022], Corona et al. [2021],
Palafox et al. [2021]) which are concentrated on generative 3D humans. Among
these 3D generative models, a stream of work (Ma et al. [2020b], Chen et al. [2022],
Corona et al. [2021], Palafox et al. [2021]) uses 3D data as supervision. Yet they
only model geometry and not the texture or appearance of the clothed humans.
This is caused by the limited size of 3D datasets containing the large variation
of clothing textures along with their corresponding geometry. To get around this
limitation, another stream of work uses 2D images as supervision. The concurrent
works by Bergman et al. [2022], Zhang et al. [2022]) and Noguchi et al. [2022]
extend Chan et al. [2022] for human bodies where they learn a neural radiance
field for a canonical pose that is later reposed. The radiance fields are learned by
using a similar concept of tri-planes proposed by (Chan et al. [2022]). The final
human image produced by the network of Bergman et al. [2022] is blurry, how-
ever, and the geometry is very smooth and lacks deformations relating to clothing.
Similarly, Noguchi et al. [2022] also produce blurry results and undesired artifacts.
Grigorev et al. [2021] propose to generate neural textures using 2D generative mod-
els. The neural texture is superimposed on minimally clothed SMPL-X (Pavlakos
et al. [2019]) meshes and rendered. The rendered images are then passed via a
neural renderer to generate realistic-looking 2D person images. Their method does
not alter the geometry and is incompatible with existing infrastructure, e.g., game
engines. Hong et al. [2023] divide the whole body into parts and learn local radi-
ance fields, which are then integrated to get the final rendered image. They also
suffer from undesirable artifacts and lack any control over geometry and texture.
In contrast, we learn geometry on top of a fixed topology mesh (SMPL, Loper
et al. [2015]) and the corresponding texture map for the underlying mesh. This
is done via learning from unpaired data using a novel training approach utilizing
both 3D and 2D data. Displacements on top of SMPL are sufficient for many
kinds of clothes. Moreover, this template is readily compatible with any existing
3D rendering engine. Additionally, unlike prior art, we provide explicit controls
over the clothing type and color.

Generative 2D humans: If we set aside the goal of having an explicit 3D mesh
as output, some 2D methods become relevant. Here, we study a few generative
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models that can generate high-quality 2D images for clothed humans (Sarkar et al.
[2021b], Fu et al. [2022]). Fu et al. [2022] propose a curated dataset of fashion
images and train StyleGAN (Karras et al. [2021, 2020b]). In this way, they produce
high-quality 2D images of clothed humans but lack controllability on the generated
pose and other aspects, such as global orientation, clothing type, etc. Sarkar
et al. [2021b] propose a new architecture for controllable human generation. To
provide additional pose controllability over the generated humans one can use
any of the 2D reposing algorithms (Balakrishnan et al. [2018], Dong et al. [2018,
2020b], Grigorev et al. [2019], Knoche et al. [2020], Esser et al. [2018], Pumarola
et al. [2018], Yang et al. [2020], Sanyal et al. [2021], Ma et al. [2018], Pumarola
et al. [2018], Sanyal et al. [2021], Song et al. [2019], Sarkar et al. [2021a], AlBahar
et al. [2021]) proposed in the recent years. In summary, these methods propose
various architectures and/or training procedures that enable them in synthesizing
a human in a new pose given the image of the person in a different pose. Although
these methods generate high-quality images, they have no notion of the underlying
geometry. Therefore they cannot be used in classical 3D graphics pipelines or AR
and VR applications.

4.3 Method

SCULPT is a generative model that takes a geometry code z, ~ N(0, [512x512)

a texture code z; ~ N(0,1°12%212) hody pose 8 € RY, clothing geometry type
(S {0,1}%, and clothing texture description c¢; € R*'? as input, and it gen-
erates a clothed 3D body mesh M := {V,C} with a texture image Zic; €
R256x256X3 (Rig. 4.2). Here, V € R%9%3 represents a set of 6890 3D vertices, and C
is a fixed set of triangles represented as a 3-tuple of vertex indices in SMPL (Loper
et al. [2015]) mesh topology. Formally, SCULPT is defined as:

M, Zier = SCULPT (24,2¢,0,c4,¢t). (4.1)

SCULPT models clothing geometry as vertex displacements from the minimally
clothed SMPL body in the canonical pose. To account for pose articulation effects,
the clothing generator is conditioned on pose. The texture generator in turn takes
the features from the geometry generator as a conditioning signal. Therefore, the
output of SCULPT can be fully articulated with SMPL’s pose control, and the
textured mesh is readily usable in existing graphics applications.
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Figure 4.2: Overview: SCULPT consists of two StyleGAN-based generators for geometry (Ggeo) and appearance
(Gtex), both acting in the UV space of the SMPL body model. The geometry network Gge, outputs pose-dependent
displacement maps that are added to the SMPL template mesh and is trained using 3D scan data. Based on this
model, the appearance generator Gy, is trained in an unsupervised way using adversarial losses computed on rendered
images of the generated synthetic human. It is conditioned on intermediate features of the geometry network. Besides
the noise code, both generator networks receive additional attributes for appearance (c;) and clothing type (c4) as
input. This enhances the connection between appearance and geometry, and it offers a user-friendly control over
the generation.
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4.3.1 Clothing representation

SCULPT adapts the SMPL (Loper et al. [2015]) model formulation to clothed
bodies with additional parameters z, and c4 as:

TP(ﬁ707Zgucg) - TS(ﬁ) + BP(O) + %eo(zgacg79>7 (42>

where T5(B) € R6899%3 denotes the SMPL body in “canonical pose” for the shape
parameters 8 € R0, Bp(0;P) : R — RBI>3 ar¢ the SMPL pose corrective
blend shapes, and Ve, are the pose-dependent clothing vertex displacements. The
vertex displacements Ve, are obtained by sampling the UV displacement map
output by the clothing geometry generator Gge, (see Section 4.3.2) at fixed UV
coordinates for every vertex.

As the clothing geometry is defined as offsets from the SMPL body in the canon-
ical pose, it can be reposed as:

M(B,0,z4,cq) =W (Tp(B,0,24,c4),3(B).0), (4.3)

where W (Tp,J,0) is SMPL’s blend skinning function, which rotates the vertices of
Tp around K = 23 joints J € R3¥. The joint locations J are defined as a function
of the body shape.

4.3.2 Clothing geometry generator

Given a random geometry code z5 ~N(0, 1 P12x512) "4 one-hot clothing type vector

cq €10, 1}, and the SMPL body pose 8, the clothing geometry generator outputs
a UV displacement map UVye, € R#6%26xX3 (gee left column of Figure 4.2). For-
mally, the generator is defined as:

UVgeo = ggeO(Zg|cga 0). (4.4)

Following CAPE (Ma et al. [2020b]), c, are categorical classifications of the
clothing type like “short sleeve T /shirt-short trouser”, “short sleeve T/shirt-long
trouser”, “long sleeve T-shirt/long trouser”, “long sleeve T-shirt/short trouser”,
“shirt /long trouser”, “shirt/short trouser”, provided with the CAPE dataset, and
which are represented as one-hot vectors. Intuitively, ¢, controls the clothing cat-
egory, while z;, and 6 model clothing variations and pose-dependent deformations
within the particular clothing category, respectively (Fig. 4.3). To sample clothed
3D body meshes from SCULPT, we sample vertex displacements Vi, from the
generated displacement map UV, and evaluate Equation (4.3).

The generator Gge, follows a StyleGAN3 (Karras et al. [2021]) architecture,
which is trained with an adversarial loss from a global discriminator. We compute
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Figure 4.3: Pose control: The figure presents three meshes of an individual. The
initial two meshes depict the individual in different types of clothing (long-long
and short-short) but maintaining the same pose, while the third mesh illustrates
the individual in a different pose, wearing the same type of clothing as depicted
in the first mesh. The pose-dependent clothing deformations are visible in the
zoomed-in images on the side, which are produced by the geometry generator.
It is observed that identical poses result in similar deformations, as indicated by
the color-coded bounding boxes, while a change in pose leads to distinct clothing
deformations in the geometry.

the displacement maps from the scan registrations provided by the CAPE dataset,
which are treated as real samples for the discriminator. For the fake examples, we
combine random noise vectors for z, and ¢, with randomly sampled CAPE data
poses. During training, the output of the generator is masked by the segmentation
mask of the SMPL UV map and passed to the discriminator as fake samples.
Following standard conditional GAN training, the discriminator is also given c,
and @ as inputs.

4.3.3 Texture generator

Given a random texture code z; ~ N (0, ] 512X512), our texture generator G, gen-

erates a UV texture image. To control the generated texture Gy, it is conditioned
on clothing texture descriptors c;. Additionally we condition the texture genera-
tor with the categorical clothing type c, and intermediate features of the clothing
geometry generator Gyeo. Formally, the texture generator is:

Ttex = gtex(zt‘cmct,ggeo)- (45)

We train the texture generator from a collection of 2D fashion images, obtained
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Figure 4.4: Computation of c, for fashion images: Given an image and three
different prompt sets, we use CLIP to assign scores to each image-text pair, and
select the top matching pair per set. The results from these three sets are amalga-
mated into a single categorical label that describes the clothing type featured in
the fashion image. This label is analogous to the clothing-type labels used by the
geometry generator.

from fashion websites. For each training image, as detailed in section 4.3.4, we au-
tomatically extract clothing color descriptors c¢; and clothing types ¢, with the help
of a visual question answering system — BLIP (Li et al. [2022]) and CLIP (Radford
et al. [2021]). Realistic clothing appearance, however, consists of more than coarse
clothing colors. Namely, it can contain varying color patterns. We capture such
variations in our generator using an additional latent vector z;. The coarse clothing
geometry type ¢, and the clothing color descriptor c; are concatenated, and pro-
vided as input condition to G;e,. This is sufficient to generate good visual quality
texture but the generated texture is inconsistent with the generated geometry. For
instance, a short-sleeved shirt covers a smaller skin region of the arms as compared
to a long-sleeved one, therefore the texture generator must be conditioned using
the geometry information. Although the clothing category c, loosely correlates
with the generated texture and geometry, it is not enough. For instance, without
explicit information on the clothing part boundaries (e.g. boundary between shirt
and trousers, or boundary between cloth and skin) the texture network is unable
to generate a clothing appearance that conforms to the clothing geometry. To
account for the correlation of generated geometry and texture, we condition Giey
on intermediate features of Ggeo. Specifically, during a forward pass, Gge, takes
the batch of z4,c4, and 6, and it generates features at different synthesis blocks.
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Figure 4.5: Computation of c; for fashion images: A fashion image along with
two distinct questionsare sequentially inputted into the visual question answering
model, BLIP. BLIP’s output is structured into a sentence which is subsequently
fed into the CLIP text encoder to extract a feature vector which is ¢;. During
the inference process, the sentence is formulated using user-created color inputs,
replacing the role of the BLIP model.

Since Giepr and Gge, share StyleGAN’s model architecture, we progressively add
at each level, excluding the mapping network, the feature blocks of Gye, to the
feature blocks of Gi,. See the left half of Fig. 4.2 for a visual representation of
this technique. This effectively passes the signals from the geometry network to
the texture generator.

Finally, we combine the generated Z;e, and M, and render the textured mesh
with a differentiable texture renderer (Ravi et al. [2020]). We use a global and
a patch-based discriminator simultaneously to train Gi.,. While the global dis-
criminator acts on the whole rendered clothed human image, the patch-based
discriminator is a local discriminator that acts on the random 64 x 64 patches ex-
tracted from the image. Following the conditional GAN training scheme, c, and
c; are provided as inputs to both the discriminators. Empirically, we find that the
local discriminator helps improve the image quality of the body parts, whereas the
global one ensures consistency of the entire structure.

4.3.4 Obtaining clothing texture descriptions

We utilize the language-to-image models CLIP (Radford et al. [2021]) and BLIP (Li
et al. [2022]) to automatically label the fashion images with clothing type ¢, and
clothing color descriptors ¢;. Specifically, to compute, c, we pass one fashion
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image through CLIP (Radford et al. [2021]) and compute its image features. Then
we use augmented prompts for the categorical clothing types, e.g., “the person is
wearing a t-shirt”, “the person is wearing a shirt”, “the person is wearing long
pants” etc. as input to CLIP’s text feature extractor. Finally, we use the scores
provided by CLIP for each text input and the corresponding fashion image and
select the features corresponding to the text prompt with the highest score as its
clothing type descriptor c,4. Please refer to Fig. 4.4 for a more visual description
of this process. To compute the color descriptor c¢;, we pass the fashion images to
BLIP (Li et al. [2022]) and query its visual question answering (VQA) model with
questions such as, “What is the color of the upper body clothing of the person
wearing in the image?”. BLIP then outputs a textual description of the clothing
color. We augment this text with the following sentence, “The color of the upper
body clothing is [BLIP output text] and the color of the pants is [BLIP output
text]”. This is then passed as text input to CLIP to get the text-based feature,
which then serves as ¢;. At inference time, we replace the BLIP-generated output
with a fixed textual description of the clothing colors, and use this as input to
CLIP, to compute c;. Please refer to Fig. 4.5 for a more visual description of this
process.

4.3.5 Training and dataset details

SCULPT is implemented in PyTorch (Paszke et al. [2019]) and optimized with
ADAM (Kingma and Ba [2015a]) with a learning rate of 0.001. The geometry,
texture generators and the discriminators follow the StyleGAN3-t (Karras et al.
[2021]) architecture. The fake examples for the texture discriminators of Giey
are obtained by rendering the generated clothed body mesh M with the gener-
ated texture map Z¢e, using PyTorch3D (Ravi et al. [2020]). All generators and
discriminators are trained using a non-saturating GAN loss using R1 regularisa-
tion (Karras et al. [2020b], Mescheder et al. [2018]) and the adaptive augmentation
technique from StyleGAN-Ada (Karras et al. [2020a]).

Our model utilizes PyTorch3D’s soft rasterizer for differentiable rendering, with
a zero blur radius for one-to-one pixel-triangle correspondence. A directional light
with fixed intensity and orthographic projection is employed for mesh rendering.
Body orientation or view for each rendered image is randomly chosen from the
training dataset, with this randomization applied per image in each batch during
generator forward passes.

The training process follows two stages: (1) The geometry generator is trained
on the CAPE dataset (Ma et al. [2020b]) until the FID converges. The CAPE
dataset (Ma et al. [2020b]) consists of SMPL registrations to the scans of 41 sub-
jects wearing different types of clothing. The dataset comes with six different
clothing type variations, namely “short-short”, “short-long”, “long-long”, “long-

73



Chapter 4 Generation leveraging unpaired data

00
3157 45°
6000
5000
4000
3000
2000
Jp 1000
270° % 90°
F/\
225*% 135¢
180°

Figure 4.6: Histogram of the body rotations of the used training corpus with respect
to the camera view (0° is frontal).

short”, “shirt-long” and “short-short”. Here, the term “long-short” represents that
the person is wearing a round neck shirt/t-shirt with long sleeves and short pants.
Similarly, the term “short-long” represents that the person is wearing a round-neck
shirt /t-shirt with short sleeves and long pants. The same terminology is followed
for the other labels. We encode these six clothing types as a 6-dimensional one-
hot vector. Each registered mesh is unposed, i.e., effects of pose articulation and
translation are removed, and the vertex offsets from the minimally-clothed SMPL
body are represented in the UV space as a displacement map. In total, we compute
63069 displacement maps from these registered meshes. (2) Then the geometry
model is kept fixed and used for training the texture generator until the FID
converges.

The texture generator is trained on a curated dataset of fashion images obtained
from the catalog images uploaded in the website of Zalando (zal [2021]). We
collected 16362 fashion images, normalized the images (human-centered in the
middle), and removed the background. Refer to Fig. 4.6 for the view statistics
of our collected dataset. It is observed that the dataset exhibits a bias towards
both frontal and near-frontal views. The dataset offers a variety of clothing types,

7 W

including ‘short sleeve T-shirt/short trouser”, “short sleeve T-shirt/long trouser”,

” W

“long sleeve T-shirt/long trouser”, “long sleeve T-shirt/short trouser”, “shirt/long
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trouser”, and “shirt/short trouser” which are similar to the assortment found in the
CAPE dataset. These labels are automatically computed using CLIP, as detailed
in Section 4.3.2. The dataset contains 2,483 “short-short”, 6,260 “short-long”, 335
“long-short”, 3,425 “long-long”, 939 “shirt-short”, and 2,920 “shirt-long” items,
where “short-short” refers to “short sleeve T-shirt/short trousers”, and so forth.
Regarding the color types in the training dataset of fashion images, there are
descriptions for 115 different colors. Examples of these colors include red, blue,
green, khaki, pink, peach, and tan, among others. We plan to release the dataset
annotations for research purposes.

We run MODNet (Ke et al. [2022]) on the aligned images to get the segmen-
tation masks for the foreground body and use the pose regressors provided by
ICON (Xiu et al. [2022]) to estimate the SMPL pose and shape of the bodies. We
compute the clothing color information utilizing CLIP and BLIP as described in
Section 4.3.4. In a perceptual study with 2000 labeled images on Amazon Mechan-
ical Turk, BLIP labels were judged to be correct 92.7% of the time for upper-body
clothing and 89.7% for lower-body clothing. During the study, participants re-
ceived images alongside associated BLIP labels and assessed their validity with
a “yes/no” answer. We treat human judgments as ground truth. The common
point of mismatch between the participants and BLIP labels was nearby colors
like khaki or tan etc.

4.4 Experiments

We conduct a three-part evaluation of SCULPT. Initially, we assess its control-
lability properties. Subsequently, we compare it with state-of-the-art methods.
Finally, we execute a detailed series of ablation studies.

Controllability of SCULPT: In Fig. 4.7, we show generation results by vary-
ing the body pose 8, while keeping all other control parameters of SCULPT fixed.
This leads to pose-dependent deformation of the clothing geometry, which is visible
in the side-by-side comparison of textured and textureless mesh for each pose-pair
of one identity. Additionally, we show the pose-dependent deformations only in the
geometry in Fig. 4.3. Notice that the appearance of the clothes changes in tandem
with the geometry. In Fig. 4.8, we vary the clothing type, c, keeping all other
parameters fixed. As intended, the clothing type changes from long sleeves and
long pants to short sleeves and long pants when ¢, is changed accordingly (Row
1, identity 2). Fig. 4.9 shows that for each clothing geometry, we can generate
different colored garments by varying c;, keeping the other factors fixed.

Our model offers further fine-grained control over the appearance and allows for
fine changes in the texture of the clothing, i.e., it can generate different shades of
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Figure 4.7: Pose control: Varying pose while keeping other factors fixed. Each
row contains two different identities, each in two poses. Texture and geometry
meshes are shown side-by-side.

the same coarse color, and different patterns on the same t-shirt/shirt, etc. This is
achieved by varying zs, in Fig. 4.10. It is worth noting that varying z;., changes
the texture patterns for identity 1 in row 1 of Fig. 4.10 and it generates different
shades of the same color. In contrast to 2D generative modeling, our output is a
textured mesh that can be rendered under arbitrary viewpoints, see fig. 4.11.

Comparisons with SOTA: We compare SCULPT with two state-of-the-art
(SOTA) methods, EG3D (Chan et al. [2022]) and EVA3D (Hong et al. [2023])
quantitatively in Table 4.1 and qualitatively in Fig. 4.12. We also provide qual-
itative comparisons of SCULPT with two additional SOTA methods, namely
GET3D (Gao et al. [2022]) and StylePeople (Grigorev et al. [2021]) in Fig. 4.13.
We compare to these methods only qualitatively because an official implementa-
tion of training code of StylePeople (Grigorev et al. [2021]) is not publicly available
and GET3D (Gao et al. [2022]) requires images of people in a canonical pose to
train, which is not available for our dataset.

We find that although SCULPT and EG3D both methods generate high-quality
images. However, the underlying geometry, generated by EG3D, of EG3D is of low
quality. We hypothesize that the highly articulated human body is significantly
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Figure 4.8: Cloth-type control: Varying c, while keeping other factors fixed.
Each row contains two separate identities. For each identity, we show two different
clothing types consecutively. Texture and geometry meshes are shown side-by-side.

more complex to model as compared to human and animal faces, which have less
articulation. This renders the training of EG3D difficult, leading to undesirable
solutions. Moreover, EG3D does not provide any of the highly desirable control
parameters that our model provides.

Recently, EVA3D (Hong et al. [2023]) has been proposed to add controllable
articulation to 3D aware generative models of the human body. For a fair com-
parison, we used EVA3D’s publicly available implementation and DeepFashion
experiment parameters and trained it with our 256X256 texture data. Note that
the original EVA3D model was trained on a different dataset with 512x512 resolu-
tion, leading to different results. By doing so, EVA3D improves the quality of the
generated geometry as compared to EG3D. But their generated texture is of lower
quality than SCULPT which is evident from Table 4.1 and Fig. 4.12. Furthermore,
as the generated geometry is represented as an implicit function, using it in exist-
ing graphics engines requires converting it into meshes, which is time-consuming
and often does not preserve the rendering quality.

While GET3D’s geometric representation can model loose-fitting clothes such as
skirts, it lacks articulation and pose control (it generates the body in a canonical
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Figure 4.9: Cloth-color control: c; is varied while keeping other factors fixed.
Each row consists of two different clothing geometries and differently colored gar-
ments for that geometry.

pose). While SCULPT is more limited in topology due to the explicit represen-
tation, it enables control over complex, articulated human figures, and generates
better textures (Fig. 4.13). Adopting different explicit topologies for different
clothing types could greatly enhance the types of clothes SCULPT can model.
This is left for future work.

In contrast to StylePeople, which employs 2D neural rendering with generated
neural textures, our approach estimates accurate clothing geometry that is compat-
ible with standard 3D renderers. Contrary to StylePeople, SCULPT incorporates a
geometry branch. The feature outputs from each Style-Block in the geometry gen-
erator are added with those from the corresponding ones in the texture generator,
resulting in a texture that is consistent with the generated geometry. This funda-
mental difference in our architecture allows us to generate better-quality renders
compared to StylePeople as can be seen in Fig. 4.13. In summary, SCULPT out-
performs the SOTA methods in terms of geometric representation (StylePeople),
generated geometry quality (EG3D, EVA3D, StylePeople), articulation (GET3D,
EG3D), texture quality (all), and final human image production (all) (Fig. 4.12
and Fig. 4.13).
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Figure 4.10: Cloth-texture fine control: Varying z;., while keeping other fac-
tors fixed. Each row consists of two different clothing geometries, each with tex-
tures generated for the same color condition but with different z.,.

Ablation experiments: To better understand the contribution of different com-
ponents in SCULPT, we perform ablation experiments as shown in Table 4.2.
These experiments involve altering the choice of discriminator combinations, patch
sizes, and the conditioning of the texture network by the intermediate activations
of the geometry network. We train the geometry network conditioned texture net-
work with only one discriminator at a time in cases (b), (c¢), and (d). However,
we observe that the global discriminator alone is not capable of generating sharp
results (b). On the other hand, the patch discriminators work relatively well in
improving local parts of the body but lack global correspondence. Among the
local discriminators, we compare the performance of two patch sizes, 64 x 64 (d)
and 32 x 32 (c), and find that 64 x 64 performs better. We hypothesize that as
the granularity of the local discriminator increases, its field of view diminishes,
leading to a higher likelihood of encountering white backgrounds devoid of hu-
man elements, particularly in comparison to a 64 x 64 patch. This phenomenon
potentially impairs the model’s overall performance. Ganokratanaa et al. [2020]
observed a similar pattern, where their discriminator using 64 x 64 patches outper-
formed the one with 32 x 32 patches. We then add the global discriminator along
with the local discriminator in cases (e) and (f), which improves the overall perfor-
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Figure 4.11: Viewpoint changes: Rotating the textured mesh.

mance. The 64 x 64 patch size also performs best in the combined discriminator
strategy as can be seen by comparing (¢) and (e), and (d) and (f). Finally, we
build a baseline where we train the texture generator without conditioning from
the geometry network with the dual discriminator strategy, as shown in (a). How-
ever, the baseline perform poorly compared to our full model (f), as the geometry
and texture do not conform to each other. We further demonstrate in Fig. 4.14
that the geometry network’s conditioning of the texture network allows the texture
to conform to the clothing geometry, as observed in the clothing boundaries and
wrinkles of the different identities.

Method  FID | KID | Precision/Recall 1

EG3D 7.38  0.0036 0.79/0.14
EVA3D 44.11  0.0387 0.30/0.03
SCULPT  9.85 0.0063 0.53/0.22

Table 4.1: Quantitative comparison: We evaluate our model using the standard
FID, KID, and precision and recall (Sajjadi et al. [2018]) metrics against the most
recently proposed similar methods. Our rendering quality is comparable to that
of state-of-the-art (SOTA) methods.
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Figure 4.12: Qualitative comparison: We compare with EG3D (left) and
EVA3D (middle). Our rendered humans (right) have comparable quality with
EG3D whereas our geometry surpasses both. More comparisons are available
in Figure D.10 and Figure D.11.

Limitations and discussion: Similar to existing generative clothed human
body models, SCULPT generates poor-quality textures in the backside region
because of a dataset bias towards frontal and near-frontal views, and to “typical”
fashion poses in the fashion image dataset used for training. The dataset bias to-
wards viewpoint can be observed from the dataset statistics shown in Fig. 4.6. The
quality also degrades for challenging, unseen body poses Fig. 4.15. The existing
datasets further lack diversity in age, race, skin tone, and gender. The predomi-
nance of male examples is due to the CAPE dataset bias towards tight clothing
and the prevalence of male subjects in our texture training data. To overcome
the limitation in view- and pose diversity, one can train our model on multi-view
datasets or videos of subjects in the same clothing but in varying poses and visible
from different viewpoints.

SCULPT sometimes generates hand textures with the same color as the clothing.
The issue partly arises from about 30% of the training set’s fashion images showing
hands in pockets, as observed from manual image examination of a hundred images.
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Figure 4.13: Additional qualitative comparisons. From left to right: StylePeo-
ple (Grigorev et al. [2021]), GET3D (Gao et al. [2022]), SCULPT (each with two
results). Images are taken directly from the respective publications.

Ablated (a) (b) (¢) (d) (e) (f)
FID | 282 316 245 16.1 19.2 9.85
Table 4.2: Ablation study: (a) full model without geometry conditioning; (b)
full model trained with only global discriminator; (c¢) full model trained with only
local discriminator of patch size 32 x 32; (d) full model trained with only local
discriminator of patch size 64 x 64; (e) full model trained with both global and
local discriminator of patch size 32 x 32; (f) full model trained with both global
and local discriminator of patch size 64 x 64.

However, the CAPE dataset used for geometry training lacks hands-in-pockets
instances, leading to model ambiguity in recognizing hand positions in pockets.
Augmenting the dataset with annotations specifying hand positions could mitigate
this.

Finally, our model also has topological limitations in modeling loosely fitting
clothes such as skirts or long dresses. To handle loosely fitting clothing such as
skirts, our method would require a corresponding mesh template that offers the
correct topology. Given the limited range of typical clothing typologies, it could
be feasible to design a few different typologies to accommodate such clothing types
but this is outside of the scope of this work. Instead, we focus on developing a novel
method for learning geometry and texture without paired 3D training data. We
use SMPL as a template for our explicit representation (mesh) which is compatible
with current graphics engines.
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Figure 4.14: Geometry conforming with texture: The geometry such as e.g.,
clothing boundaries, wrinkles, etc. in different body areas (highlighted in blue
boxes) are consistent with texture.

Figure 4.15: Limitations: The texture quality degrades for out-of-distribution
poses (columns 1-3) and for the body’s back (right).

4.5 Conclusion

We have introduced SCULPT, a generative model that creates 3D virtual humans
using explicit geometry (mesh) and appearance (texture maps). SCULPT repre-
sents clothing geometry as offsets from the SMPL body’s vertices, and includes a
generative model for texture maps based on clothing type and appearance. This
approach effectively combines traditional graphics elements such as meshes, for-
ward rendering and texture maps with modern 3D-aware generative models. Our
texture model is trained from unpaired 2D-3D data, making it easy to use and
retrain on new data. The clothing geometry is learned using a dataset of 3D
meshes.The trained model offers generative control over clothing geometry and
appearance, with semantic control over clothing type and color, while still retain-
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ing SMPL’s pose articulation and body-shape variation. Compared to previous
3D-aware generative models, SCULPT offers greater control and produces higher

quality geometry and textures.
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Chapter 5

Concluding Remarks and Future
Directions

5.1 Conclusion

This thesis focuses on using unpaired learning to reconstruct, transpose, and gen-
erate digital human avatars, both in 2D and 3D. We do this by utilizing easily
obtained labels and making observations based on them. As a result, we develop
a set of models that can control various aspects of human geometry, pose, and
appearance.

Take RingNet for instance, a model rooted in the concept that individuals main-
tain consistent facial shape, which varies from person to person. By harnessing
the identity labels from 2D facial datasets, RingNet’s architecture is capable of
estimating a 3D, articulated, and deformable shape from a single 2D image, even
without paired 3D training data. It is a flexible approach that distinguishes face
pose and expression from shape. Furthermore, we have compiled a new public
dataset of accurate 3D head shapes and high-quality images in various conditions,
paving the way for enhanced models and novel research directions.

Next is SPICE, designed around the understanding that a person maintains the
same 3D body shape across various poses and that 3D body parts that remain vis-
ible before and after repositioning should display similar appearance features. To
put this understanding into practice, we leverage inexpensive and readily available
3D body models and 3D body shape and pose regressors. As a result, SPICE can
generate videos and repose clothed humans from a single image.

Lastly, SCULPT stands on the observation that learning a geometry model typi-
cally demands relatively less data than learning an appearance model, as the latter
can be quite diverse due to color and pattern variations. This recognition is instru-
mental in the SCULPT learning process, where the geometry is learned from 3D
registrations while appearance is learned from 2D fashion images. Attribute labels
obtained from visual question-answering (VQA) models aid the efficient unpaired
learning of both geometry and texture. This model creates 3D virtual humans
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with explicit control over clothing geometry and appearance. The flexibility of
SCULPT’s outputs ensures its integration with existing 3D graphics and game
engines.

Figure 5.1: Image generated by DALL-E 2: Text prompt to generate this
image is, “An Indian princess wearing complex, traditional attire stands amidst a
futuristic cityscape from a different camera angle. Her clothing is a detailed blend
of ancient heritage and futuristic design, featuring intricate embroidery and jew-
elry. The background showcases a high-tech city with skyscrapers, flying vehicles,
and neon lights from a new perspective, emphasizing the princess’s connection to
both her culture and the advanced world around her. The lighting accentuates her
regal stance and the unique fusion of eras in her appearance.”

In summary, this thesis improves how we create and control digital humans,
making new tools for areas like virtual reality, video games, etc.
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Figure 5.2: Generated by GEN-2 of Runwayml: Starting from the first frame
(top left) and moving along the temporal sequence, the inconsistency in appearance
between the first and subsequent frames becomes increasingly apparent. In the
final frames, the generated human is anatomically incorrect, as evident in the
fingers, hands, and face region.
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5.2 Future directions

Although we have made some progress in developing foundation models that can
generate images, videos, and text, there are still big challenges when it comes
to creating realistic digital humans. These models, especially video foundation
models, do well with objects and scenes, but they struggle to make convincing
humans. We notice more mistakes with humans because we are used to seeing
people and can easily spot anything that looks off, like weird anatomical details
or changes in how a person looks.

For instance, when comparing images and videos made by the latest meth-
ods, like DALL-E 2 for images (Figure 5.1) and GEN-2 (Esser et al. [2023]) for
videos (Figure 5.2), there is a clear difference. DALL-E 2 can make a very detailed
and accurate image of a person. But when we try to make a video with GEN-2
using that image and a text description, the video often has problems with making
the person’s appearance look consistent and realistic.

Right now, video foundation models try to learn from a diffusion process by
denoising a bunch of patches of images or video clips (Kondratyuk et al. [2023],
Brooks et al. [2024]). However, it is not clear if this is the best way to understand
and recreate the complex nature of human bodies. This thesis suggests that maybe
we can incorporate information from 3D models of human bodies to help make
more accurate and consistent videos of people, i.e. consistent appearance of people.
Future research focusing on the integration of foundation models with detailed
information from 3D human models, both conceptually and architecturally, will
be an interesting direction.

Moving aside from the appearance, representing the 4D geometry of clothed
humans is a also significant challenge in computer graphics and animation, en-
compassing the intricacies of dynamic motion and complex surface details. Tra-
ditional methods, such as meshes combined with physics and/or neural (Grigorev
et al. [2023]) simulations, offer a way to model these dynamics by separately cre-
ating assets like hair, body models, and clothing, and then applying physics to
simulate their interactions. While promising, this approach can demand manual
engineering and is sensitive to initial conditions, potentially leading to simulation
failures.

Implicit surfaces have been identified as proficient in capturing high-detail rep-
resentations of rigid objects. Considering each frame of a moving human as a
rigid object allows implicit functions to preserve intricate details across the body,
including clothing, hair, and accessories. However, integrating control over pose
into implicit surfaces introduces complexity, especially for articulated models like
clothed humans (Chen et al. [2021]). Existing methods often resort to transforma-
tions into a canonical pose, directly or indirectly, with complex formulations, yet
they may compromise on generalization or detail fidelity during articulation (Chen
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et al. [2021], Mihajlovic et al. [2021], Chen et al. [2022]).

Observing the strengths of neural implicit surfaces in representing detailed,
frame-wise rigid objects raises the question of a simpler, more effective approach.

Hypernetworks (Ha et al. [2016]), which involve using one neural network to
generate the weights for another, present a promising direction. By training
neural implicit surfaces for each pose and frame of a particular 4D-clothed hu-
man—effectively overfitting to each scenario—these functions can serve as the
target networks. A hypernetwork could then be trained, through diffusion or ad-
versarial methods, to produce the weights for these target networks. Additionally,
incorporating a control mechanism, such as a “controlnet” (Zhang et al. [2023a]),
on top of the hypernetwork could allow for pose-adjusted target network genera-
tion.

This approach could lay the groundwork for a foundational model capable of ac-
curately representing 4D clothed human motion, combining the detail preservation
of neural implicit surfaces with the adaptability and efficiency of hypernetworks.
By simplifying the process and reducing the need for manual engineering, this
strategy can hold the potential to advance the modeling of complex, dynamic
humans in digital environments.
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Appendix A Additional Qualitative Results of RingNet

Appendix A

Additional Qualitative Results of
RingNet

Figure A.1: Reconstruction: Images are taken from CelebA dataset (Liu et al.
[2015]).
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Figure A.2: Reconstruction: Images are taken from CelebA dataset (Liu et al.
[2015]).
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Figure A.3: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Figure A.4: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Figure A.5: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Figure A.6: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Figure A.7: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Figure A.8: Reconstruction: Images are taken from CVPR 2019 area chairs
website.
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Appendix B

Sampling correctness and
regularization loss for training

SPICE

The flow Field Estimator module Gr of the generator G of SPICE is trained to
predict the flow between P; and P;. It takes Rg, Ps, P; as inputs to generate flow
fields f and occlusion masks o0y,.

faOm:gF<R37Ps;Pt) (Bl)

where f denotes the coordinate offsets linking sources to targets, while the occlu-
sion mask o,,, ranging continuously from 0 to 1, signifies the presence of target
position information within the sources.

Now the sampling correctness loss calculates the similarity between the warped
source feature and ground-truth target feature at the VGG feature level (Simonyan
and Zisserman [2015]). Let vg and v; represent the feature vectors generated by a
specified layer within the VGG19 architecture. The term v, f = f(vs) denotes the
warped version of the source feature vector vg, achieved through the application
of f. The sampling correctness loss is quantified by computing the relative cosine
similarity between the warped source feature vector v, y and the target feature
vector vg.

1 Vi ws Vi
Lom 3 cap(~ ) (B2)

1€Q mazx

where pi(*) denotes the cosine similarity. Coordinate set €2 contains all N positions
in the feature maps, and VlS 7 denotes the feature of v,  located at the coordinate
I = (x,y). The normalization term ! is calculated as

Ul

Minax = Ilpax,u(vs 7Vt) (B?))
€
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Additionally, a regularization term is added to punish local regions where the
transformation is not an affine transformation. Let ¢; be the 2D coordinate matrix
of the target feature map. The corresponding source coordinate matrix can be
written as ¢cs = ¢+ f. Ny(cy,1) is used to denote local n x n patch of ¢; centered
at the location [. The regularization assumes that the transformation between
No(e,l) and N, (cs,1) is an affine transformation.

611 12 013
T, =A;S; = S B.4
: I [921 O O3 | (B4
where T; = | “1 2 = Tnxn 1 with each coordinate (z;,v;) € Ny(ct,l) and
Y1 Y2 .. Ynxn

ZL’1 372 en I’an

Si=| y1 Y2 - Ynxn | witheach coordinate (z;,y;) € Ny (cs,1). The estimated
1 1 .. 1

affine transformation parameters A; can be solved using the least-squares estima-
tion as

A =(sf's) T, (B.5)
and the regularization is calculated as the ¢y distance of the error.
~ 2
by s
leQ

(B.6)
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Appendix C' Additional Qualitative Results of SPICE

Appendix C

Additional Qualitative Results of
SPICE

? d .‘4 ..,
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Figure C.1: Additional qualitative results of SPICE. Each triplet in the figure
consists of the source image (left), a reference image in target pose (middle) and

the generated image in the target pose (right); input and reference images are from
the DeepFashion test set (Liu et al. [2016]).
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Figure C.2: Additional qualitative results of SPICE. Each triplet in the figure
consists of the source image (left), a reference image in target pose (middle) and
the generated image in the target pose (right); input and reference images are from
the DeepFashion test set (Liu et al. [2016]).
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Figure C.3: Additional qualitative results of SPICE. Each triplet in the figure
consists of the source image (left), a reference image in target pose (middle) and

the generated image in the target pose (right); input and reference images are from
the DeepFashion test set (Liu et al. [2016]).
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SPICE (Ours)
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Figure C.4: Qualitative comparison: Here we provide additional comparisons
of SPICE with other unsupervised learning methods. SPICE outperforms these

methods by producing images of superior realism and quality. Additionally, it
maintains pose and appearance.
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Figure C.5: Qualitative comparison: Here we provide additional comparisons
of SPICE with other unsupervised learning methods. SPICE outperforms these
methods by producing images of superior realism and quality. Additionally, it
maintains pose and appearance.
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Source Target SPICE (Ours) Def-GAN Pose-Attn Intr-Flow Ren et al.

Figure C.6: Qualitative comparison: Here we compare SPICE with other super-
vised learning methods namely Def-GAN (Siarohin et al. [2018a]), Pose-Attn (Zhu
et al. [2019]), Intr-Flow (Li et al. [2019]), Ren et al. (Ren et al. [2020]). SPICE
performs at par with those.
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Appendix D

Additional Qualitative Results of
SCULPT

Geometry >

Textured

Figure D.1: Clothing color variation: c; is varied keeping the other factors fixed.
The top row shows the geometry whereas the bottom row shows the corresponding
textured mesh. For this figure, c; is CLIP embedding corresponding to the textual

input “The color of the upper body clothing is pink and the color of the pants is
red”.
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Figure D.2: Clothing color variation: c; is varied keeping the other factors fixed. The top row shows the geometry
whereas the bottom row shows the corresponding textured mesh. For this figure, ¢; is CLIP embedding corresponding
to the textual input “The color of the upper body clothing is grey and the color of the pants is black”.
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Figure D.4: Clothing color variation: c; is varied keeping the other factors fixed. The top row shows the geometry

whereas the bottom row shows the corresponding textured mesh. For this figure, ¢; is CLIP embedding corresponding

to the textual input “The color of the upper body clothing is grey and the color of the pants is brown”.

Appendix D Additional Qualitative Results of SCULPT
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Geometry >
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Figure D.6: Clothing type variation: c, is varied keeping the other factors fixed. The top row shows the geometry
whereas the bottom row shows the corresponding textured mesh. For this figure, ¢, is the categorical condition vector
representing “short sleeve t-shirt/short pants”.
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Geometry >

Figure D.8: Clothing type variation: c, is varied keeping the other factors fixed. The top row shows the geometry
whereas the bottom row shows the corresponding textured mesh. For this figure, ¢, is the categorical condition vector
representing “short sleeve t-shirt/long pants”.
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Appendix D Additional Qualitative Results of SCULPT
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Figure D.10: Additional qualitative comparisons: Here, we present additional qualitative comparisons with
EG3D (Chan et al. [2022]) (left four columns) and EVA3D (Hong et al. [2023]) (middle four columns). Our method
(right four columns) surpasses the performance of these state-of-the-art (SOTA) methods, as demonstrated. Each
method is shown with the 3D geometry and the corresponding textured mesh from different viewpoints.
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